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Abstract 

The construction of tourism facilities related to physical aspects triggers changes in land use. This research 

aims to model Land Use Land Cover (LULC) by 2053 and determine the influence of LULC on the existence of 

the menhir tourist attraction as the main object in historical tourism in Nagari Maek. The method used to 

produce LULC predictions is the CA-ANN model via the MOLUSCE plugin in QGIS Desktop 2.18.11. The 

research results show that the 2023 prediction map has an accuracy value of 68.43 with a correctness 

percentage of 83.11458%. This means the resulting model is highly suitable, and the prediction results can be 

trusted. The LULC prediction for 2023 to 2053 results in significant land changes occurring in the dry land 

forests, which experienced a decrease of 6.75%, and plantations of 13.67%, while the increase occurred in the 

mixed plantations by 17.46%, rice fields 1.57% and built-up area 1.39%. If the LULC conversion is linked to 

the existence of menhirs (the main object in historical tourism), then by 2053, there will be a reduction from 30 

sites to 24 menhir sites. Each site has a different number of menhirs, and there will be at least 20. The loss of 6 

sites or 120 menhirs caused the inherent characteristic of Nagari Maek, as it was named as the Nagari of 1000 

menhirs, to disappear. 
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1. Introduction 

Indonesia is a nation renowned for its exceptional 

natural beauty and wide-ranging cultural treasures 

spanning from Sabang to Merauke, all complemented 

by the warm hospitality of its people. Indonesia's 

popularity as a tourist destination attracts visitors [1] 

from different nations, resulting in a beneficial 

economic impact at the national and local stages [2]. 

Additionally, this serves as a strategy to address 

various social and economic concerns [3]. Hence, 

when fostering tourism, it is imperative to consider 

the local community's physical, economic, and socio-

cultural dimensions, as they are fundamental in 

establishing sustainable tourism [4], characterized by 

community participation and involvement [5] in 

tourism activities. 

The development of tourism facilities related to 

physical aspects triggers changes in land use with the 

expansion urbanized regions [6] via the 

transformation of cultivable land [7]. This conversion 

of agricultural land has economic and environmental 

impacts [8] [9] [10] and [11], loss of biodiversity 

[12], and endangering natural resources and food 

security [3] and [13]. In addition, land use changes 

that could be better planned can also change the 

earth's energy equilibrium and biogeochemical 

cycles, influencing climate change [14], thereby 

affecting the nature of the land surface and ecosystem 

services [15]. To mitigate these effects, conducting a 

spatial-temporal analysis of land use and land use 

change (LULC) is imperative before building tourism 

infrastructure. This analysis will offer a 

comprehensive understanding of the policies that 

need to be implemented in the future [16], including 

sustainable land management [17] through remote 

sensing and geographic information systems (GIS) 

[18] [19] and [20].  
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Remote sensing and geographic information systems 

(GIS) are increasingly used in ecosystem assessment, 

biodiversity, and climate change studies [21] due to 

their ability to detect land use changes. Several 

analysis tools that have been used were Dinamica 

[22], Markov-FLUS [23], SLEUTH cellular 

automata [24], Cellular Automata-Markov (CA-

Markov), Land Change Modeller, Composite 

Analysis, Image Differentiating, Image, Rationing 

[25], Artificial Neural Network (ANN) [21] and [26] 

Cellular Automata - Artificial Neural Network (CA-

ANN) [27] and [28], Artificial Neural Network - 

Markov Chain (ANN-Markov) [29][30] and [31], 

and CLUE-S [32], LULC [33]. The Cellular 

Automaton (CA) model is commonly employed for 

accurate land use predictions and dynamics. It is 

particularly effective when integrated with other 

models like the Artificial Neural Network (ANN), 

which excels in translating non-linear and spatially 

probabilistic land use data [34]. Artificial neural 

networks (ANN) provide the capability to identify 

and comprehensively understand causative elements 

and intricate patterns accurately [35]. The process by 

which Artificial Neural Networks (ANN) simulate 

Land Use and Land Cover (LULC) follows a similar 

pattern to that of the human brain and nervous system 

[36]. The CA-ANN model is based on what-if 

conditions, so it is suitable in the LULC scenario [37] 

to determine the potential changes in land use 

utilizing temporal land use data in conjunction with 

the topographical characteristics of a region [38]. 

Nagari Maek is a tourist village with a pioneering 

category [39], which shows that tourism facilities still 

need to be improved. To enhance Nagari Maek's 

attraction, particularly in developing tourism 

infrastructure that will transform land use, it is crucial 

to initially forecast Land Use and Land Cover (LULC) 

patterns through spatial-temporal analysis [40]. It is 

also essential to monitor and predict changes in land 

use and land cover (LULC) in an area, particularly 

for ecosystem conservation and sustainable 

development management techniques.  

The analysis is carried out using real-time and 

time series remote sensing data, which is integrated 

with GIS through the LULC simulation module in 

open-source QGIS, employing Artificial Neural 

Networks (ANN) as the primary algorithm.  While 

other algorithms such as multi-criteria evaluation 

(MCE), weights of evidence (WoE), and logistic 

regression (LR) were considered good algorithms 

[41], ANN was selected due to its superior 

performance in modeling complex, non-linear 

relationships in land use change prediction. The data 

used includes LULC data, with driving factors such 

as the distance from the river and main road, chosen 

based on the unique geographic and landscape 

conditions of the mountainous region. This research 

aims to predict LULC in 2053 and assess its impact 

on the preservation of the menhir tourist attraction, a 

key historical tourism asset in Nagari Maek. 

 

2. Methods 

LULC and its influence on the development of 

historical tourism in Nagari Maek are studied by 

analyzing spatial-temporal data using a Cellular 

Automata-Artificial Neural Network (CA-ANN) 

using the LULC or MOLUSCE simulation module 

plugin in QGIS. 

 

2.1 Study Area 

The research was conducted in area called Nagari 

Maek, Bukik Barisan District, Limapuluh Kota 

Regency, West Sumatra Province, Indonesia as 

presented in Figure 1. Nagari Maek is the largest 

Nagari in Bukik Barisan District, covering 12 jorongs 

and covering an area of 244.14 km2. This village, 

known as the village of 1,000 menhirs, had a 

population of 9,744 people in 2022 [42]. The research 

methodology is presented in Figure 2. 

 

2.2 Materials 

The LULC model in Nagari Maek was analyzed from 

Landsat Imagery as remote sensing data [43]. This 

satellite image covers Nagari Maek, Bukik Barisan 

District, and Limapuluh Kota Regency and has a 

temporal interval of 5 years, namely 2013, 2018, and 

2023. In predicting land use, driving factor attribute 

data consists of distance parameters, physical 

characteristics, and neighbor relationships [44]. In 

this study, the drifting factors used were data on 

distance from the river and the main road. Road and 

river proximity were prioritized in the analysis due to 

their direct and significant influence on land use 

changes, particularly in facilitating access to 

infrastructure and natural resources, which are 

primary drivers of settlement patterns. Conversely, 

while DEM slope and settlement proximity are 

important, they were deemed less critical within the 

context of this study, where the expansion of 

infrastructure plays a more decisive role in guiding 

development. The sources of the data used is 

presented in Table 1. 

Administrative boundaries use shapefile data 

from the Geospatial Information Agency (BIG) such 

as the Rupa Bumi Indonesia Map (RBI Map) of 

Limapuluh Kota Regency which has been corrected 

geometrically and radiometrically. Corrected image 

Necessary to achieve optimal image quality with 

suitable pixel values and accurate geographic 

positioning of pixels. Next, data on the distribution of 

menhirs is needed to find out the influence of LULC 

on the distribution of these menhirs.  
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Figure 1: Menhir tourist site in Nagari Maek, Indonesia 

 

2.3 Data Preparation and Analysis 

2.3.1 Satellite image processing 

Landsat images, which are remote sensing data, 

undergo geometric and atmospheric distortion 

correction processes using ENVI software. 

Geometric correction is carried out to ensure that the 

data is spatially aligned [10]. The procedure includes 

identifying and rectifying distortions induced by 

variations in the sensor platform's position and 

orientation as well as topographical and atmospheric 

influences. Geometric correction requires selecting a 

series of geographic coordinate reference sites called 

ground control points (GCP). 

 

2.3.2 LULC classification 

The LULC classifier in this study refers to the 2014 

SNI (Standar Nasional Indonesia) with several 

modifications. The Landsat images for 2013, 2018, 

and 2023 used have a spatial resolution of 30 meters 

(medium resolution), so they are appropriate for use 

at the optimum scale of 1:100,000 [45]. Land use is 

classified into five classes [46]: dry land forest, Built-

up land, plantations, mixed plantations and rice fields 

(Table 2). This LULC classification uses pixel-based 

Maximum Likelihood Classification (MLC) [46] and 

[47] using ArcGIS 10.8. The maximum likelihood 

method was selected because of its ability to account 

for the mean value across bands and the variability 

between bands within distinct classes, hence 

minimizing mistakes and achieving optimal accuracy 

with an average of 94.04%, 85.04%, 99.61 % in 

heterogeneous areas [48] and the most widely used 

[49]. Apart from that, the algorithm contained in 

MLC also has good capabilities in processing images 

and simulating variables sourced from satellite 

images [50]. A total of 40 sample points were 

selected for the study, distributed across all land use 

types using proportional random sampling. This 

method ensures the number of samples in each land 

use category is proportional to its area within the 

study region. By employing this approach, the 

sampling distribution reflects the true spatial 

distribution of land use types, reducing bias and 

enhancing the accuracy of the analysis. Field surveys 

were conducted to collect data at these points, 

ensuring that the sample was representative of the 

overall landscape and land use patterns. The data 

were analyzed using kappa statistical test. 

 

2.3.3 Change analysis and transition potential  

         modeling 

LULC changes were analysed using the Modules for 

Land-Use Change Simulation (MOLUSCE) plugin 

found in QGIS [51]. This MOLUSCE plugin was 

used to estimate spatiotemporal changes and 

calculate LULC transitions (2013–2018 and 2018–

2023). The plugin's capabilities are that it can 

effectively calculate spatio-temporal changes in land 

use, model potential transitions, and carry out 

simulations for future scenarios [52]. 
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Table 1: Data used 
 

No Data Acquired Information Sources 

1 Landsat 8 OLI imagery 

in 2013 

LULC in 2013  USGS (https://earthexplorer. usgs.gov/) 

(Acquisition dates 28 August 2013) 

2 Landsat 8 OLI imagery 

in 2018 

LULC in 2018  USGS (https://earthexplorer. usgs.gov/) 

(Acquisition dates 30 January 2018) 

3 Landsat 9 OLI imagery 

in 2023 

LULC in 2023   USGS (https://earthexplorer. usgs.gov/) 

(Acquisition dates 20 May 2023) 

4 RBI Map of Limapuluh 

Regency 

Geospatial data (in shapefile) BIG (https://tanahair.indonesia.go.id/ 

portal-web) 

5 Menhir data in 2023 Distribution of menhirs, size, 

materials, menhir directions, 

menhir conditions 

Field survey 

6 Driving factors Distance from the river and 

distance from the road 

BIG (https://tanahair.indonesia.go.id/ 

portal-web) 

 

Table 2: Land Use/Land Cover classes 
 

LULC Type Description 

Dryland Forest   DF Forests that grow in hilly/mountainous areas  

Built-up Land BU Housing, commercial and industrial areas, transportation networks  

Plantations PL Land planted with one type of plant  

Mix Plantation MP Plantations planted with various types of perennial plants that produce flowers, fruit and 

brittle without needing to be cut down 

 

Rice fields RF Wet rice fields and dry fields 

 

LULC prediction using the MOLUSCE plugin is 

carried out using the Artificial Neural Network 

(ANN), Cellular Automata (CA) and Multi-Layer 

Perceptron (MLP) methods. To produced LULC 

predictions, six processing stages need to be carried 

out, namely data input, evaluation of correlation 

results, land change analysis, transition potential 

modelling (TPM), cellular automata (CA) simulation, 

and validate the results of the predictions [53]. In 

preparing potential transition modelling, a multilayer 

ANN with a perceptron approach was used. The 

driving factors were distance from the river and 

distance from the main road. These factors can 

influence LULC dynamics because they are related 

to physical conditions and anthropogenic activities 

[54] and [55]. 

 

2.4 Prediction and Simulation Models 

This research estimates land-use change prediction 

modelling using a combination of ANN (artificial 

neural network) and CA (Cellular Automata). These 

two combinations were chosen because they produce 

accurate LULC predictions [56] [57] [58] [59] and 

[60]. Artificial Neural Network (ANN) have emerged 

as the predominant in remote sensing and GIS for 

precise modeling and classification of land use 

changes [61]. This ANN consists of neurons with the 

same mechanism as the human brain and uses it to 

recognise data trends [62]. It can be applied to areas 

with limited data and unknown factors that influence 

the growth of built-up land [63] and [64]. In addition, 

the ANN approach is objective in determining 

weights based on regression analysis by considering 

a few statistical assumptions so that it can model 

variables that have non-linear relationships [63] and 

[65]. The ANN model or artificial neural network can 

have good accuracy when the driving indicators for 

built-up land growth have a non-linear relationship to 

built-up land growth [63] and [65]. 

In the MOLUSCE plugin in QGIS Desktop 

version 2.18.11, the ANN algorithm recognises 

potential changes with output as a transition potential 

matrix. The ANN-CA simulation utilizes raster data, 

including land use classifications, spatial parameter 

rasters, and transition potential models, under the 

ANN algorithm. The simulation evaluates a 

predetermined quantity of pixels, determining the 

most probable transition with the highest certainty, 

and subsequently modifies the pixel classification. 

The parameters used in the simulation to find the best 

RMS value are neighborhood 1px, learning rate 

0,010 and 0,001, maximum iterations 100 and 1000, 

and hidden layers 1-5. The model will stop when it 

has reached the specified condition. 

 

2.5 Validation Model 

Validation was conducted on the MOLUSCE plugin 

to assess the accuracy of the LULC prediction model. 

If the validation results of the LULC prediction 

model are with an accuracy of more than 75%, then 

it can be continued for predictions for the following 

year [60].  
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Land use change prediction results are validated by 

comparing the 2023 prediction map with the actual 

2023 map. If the 2023 prediction results are valid, 

then land use predictions can be continued for 2053 

and subsequent years. If not, the process is repeated 

by adding, reducing or modifying driving factors. 

Predictions were extended to 2053 to align with 

established policy planning horizons and to maintain 

the reliability of the projections, while 5-year 

intervals were chosen to capture detailed trends, 

ensuring a balance between analytical complexity 

and data consistency. The method used is the Kappa 

statistical test, which is carried out using an error 

matrix (confusion matrix) [66]. The Kappa accuracy 

test formula is below. Based on this calculation 

formula, the Kappa test results are classified into 

several classes that indicate the accuracy of the 

predictions, with the criteria presented in Table 3. If 

the simulation results have a strong Kappa value, 

predictions can be modelled for the desired target 

year. 

 

 
 

Figure 2:  Methodology workflow 

 

Table 3. Classification of Kappa values 
 

Coefficient Value Value Interpretation 

<0.2 Poor 

0.21-0.40 Fair 

0.41-0.60 Moderate 

0.61-0.80 Good 

>0.80 Very Good 
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3. Results and Discussion 

3.1 Spatiotemporal Change Analysis 

Nagari Maek, a Nagari known to have thousands of 

menhirs, has the potential to develop into a "menhir" 

historical tourist attraction. It has five land use 

classes: dry land forests (DF), built-up land (BU), 

plantations (PL), mixed plantations (MP) and rice 

fields (RF). These dynamic land use changes require 

continuous assessment, analysis and monitoring 

using social, economic and geospatial data to obtain 

more accurate and integrated results [67]. In this 

research, a study of LULC changes in Nagari Maek 

was carried out using geospatial data, and the five 

LULC classes were spatially distributed for 2013, 

2018, and 2023, as seen in Figure 3. Furthermore, the 

temporal area of each LULC class can be seen in 

Table 4, where the total area of Nagari Maek obtained 

from the classification results is 24,413.76 ha which 

is in accordance with data from [42], namely 244.14 

Km2. LULC Nagari Maek from 2013 to 2023 has the 

broadest LULC class in the dry land forest class with 

an average of 62.59% covering Nagari Maek, 

followed by the plantation class with an average of 

25.21%, mixed plantations 10.39%, plantations 

1.18%while the largest area the least is built-up land, 

namely 0.63%. The low area of built-up land is 

caused by Nagari Maek having a population of 9,744 

people with a population density classified as not 

dense, namely 39.91% [42].  

 

Furthermore, Table 5 presents the changes in LULC 

that occurred in 2013-2018, 2018-2023, and 2013-

2023. Positive changes in LULC indicate an 

expansion in the area of that particular land use or 

land cover class, whereas negative changes signify a 

reduction in the area of that class. Of the five land use 

classes, it is known that the largest reduction in 

LULC area, namely – 3.48%, occurred in the dry land 

forest class, where in 2013, the area was 15,809 ha to 

14,958.86 ha in 2023, while those experiencing an 

increase in area were plantations of 3.43% or 

5,646.46 ha to 6,485.46 ha. Built-up land in Nagari 

Maek from 2013 to 2023 only experienced an 

increase of 0.19%. This means that within ten years, 

Nagari Maek has not shown a significant regional 

transition, but there has been an increase in built-up 

land which an increase in population can cause. 

From the results of the analysis of these changes, 

it is known that changes in LULC in Nagari Maek 

were more due to anthropogenic and socio-economic 

activities that occurred from 2013 – 2023, especially 

in the dry land forest and plantation classes, while the 

rice field use class only experienced an increase of 

0.18 % or 44.57 ha. These results are in accordance 

with research [68], which explains that changes in 

land use occur due to anthropogenic factors or an 

increase in human population and the need for natural 

resources, especially land for settlements [69]. 

 

Table 4: LULC distribution for the years 2013, 2018, and 2023 
 

LULC Class 

2013 2018 2023 2013-2023 

Area (ha) % area 

covered 

Area  

(ha) 
% area 

covered 
Area (ha) % area 

covered 

% Average 

area covered 

DF 15,809.00 64.75 15,077.18 61.76 14,958.56 61.27 62.59 

BU 128.45 0.53 154.14 0.63 176.38 0.72 0.63 

PL 5,646.46 23.13 6,335.06 25.95 6,485.46 26.56 25.21 

MP 2,560.78 10.49 2,564.87 10.51 2,479.72 10.16 10.39 

RF 269.07 1.10 282.51 1.16 313.64 1.28 1.18 

Total 24,413.76 100.00 24,413.76 100.00 24,413.76 100.00 100.00 

 

Table 5: LULC change analysis for the years 2013, 2018, and 2023 
 

LULC 

Class 

2013-2018 2018-2023 2013-2023 

Area 

(ha) 

Changing area 

(%) 

Area 

(ha) 

Changing area 

(%) 

Area 

(ha) 

Changing area 

(%) 

DF -731.82 -2.99 -118.62 -0.49 -850.44 -3.48 

BU 25.69 0.1 22.24 0.09 47.93 0.19 

PL 688.60 2.82 150.40 0.61 839.00 3.43 

MP 4.08 0.02 -85.14 -0.35 -81.06 -0.33 

RF 13.44 0.06 31.13 0.12 44.57 0.18 
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Figure 3: LULC maps for the years (a) 2013 (b) 2018 and (c) 2023 

(a) 

(b) 

(c) 
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3.2 LULC Transition Analysis 

Land use changes in an area depend on the driving 

factors that cause these changes [54] the driving 

factors used are proximity to rivers and proximity to 

roads (refer to Figure 4), which are most often used 

when considering driving factors in land use changes 

[70]. These factors were chosen because Nagari 

Maek is a Nagari surrounded by hills, far from the 

district center so road access is still minimal and has 

many tributaries, so it is an access that is needed by 

the community and there is potential for the area 

around this factor to experience changes.  

Determining the distance between roads and rivers is 

executed via the Euclidean Distance technique. The 

statistical tests using Pearson correlation show that 

the relationship between the road and the river is 1, 

which means it has a very strong relationship. The 

transition matrix plays a very important role in 

predicting LULC. It looks at how the proportion of 

pixels changes from one land use class to another. 

Many researchers use transition matrices to 

determine temporal changes in each region [71].

 

   
 

  
 

Figure 4: Driving factors: (a) distance from main roads (b) distance from river 

 

(a) 

(b) 
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Table 6: Transition matrix of LULC 2013-2023 
 

Transition Matrix DF BU PL MP RF 

DF 0.875 0.000 0.036 0.086 0.002 

BU 0.000 0.436 0.093 0.053 0.418 

PL 0.065 0.014 0.178 0.663 0.079 

MP 0.305 0.003 0.359 0.318 0.015 

RF 0.005 0.018 0.166 0.109 0.700 

 

The potential magnitude of these changes is the basis 

for predicting LULC in the future. In this research, 

the transition matrix was carried out with the help of 

the MOLUSCE plugin in the period 2013–2023. The 

2013–2023 Nagari Maek LULC transition matrix can 

be seen in Table 6, where the rows in the matrix table 

represent the magnitude of changes in land use 

classes, the columns show the order of the same 

LULC categories in the last year, while the diagonal 

in the matrix shows the measure of class stability, and 

each number outside the diagonal represents the size 

of the transition from one class to a different class 

[56]. Table 6 presents the transition matrix values 

ranging from 0 to 1, where off-diagonal elements are 

particularly significant, as they indicate substantial 

land cover changes or transitions within the study 

area. Values between 0.01 and 0.99 suggest the 

possibility of land use changes, with values of 0 

indicating no transition and values of 1 indicating a 

complete transition from one land cover class to 

another. The focus should be on the largest off-

diagonal elements, as these represent the most 

notable transitions observed [19]. The greater the 

transition value, the greater the changes that occur in 

the type of land use.  

Nagari Maek has the greatest probability of 

change in the dryland forest (DF) class of 0,875 and 

the rice field (RF) class of 0,700. This value means 

that the probability of switching from DF to DF class 

is 87,5% and switching from RF to RF class is 0,70%. 

This means that the potential for changes in the DF 

and RF classes to other land use classes is very small, 

almost even close to a value of 1, which means there 

tends to be no change. Nagari Maek exhibits a high 

stability value in terms of DF (forest) land use change, 

primarily due to its geographical characteristics, 

being surrounded by hills and valleys. These natural 

barriers significantly limit the likelihood of DF 

conversion to other land uses, particularly to built-up 

areas (BU). Furthermore, the considerable distance 

between Nagari Maek and Sarilamak, the capital of 

Limapuluh Kota Regency, contributes to the 

community's tendency to preserve RF (forest reserve) 

land use, as it plays a crucial role in sustaining their 

daily needs. However, the most notable transitions 

occur in the off-diagonal elements of the transition 

matrix. These off-diagonal values highlight the 

potential for land cover change, albeit small. The 

transitions from PL to MP (0.633) and from MP to 

PL (0.359) are more frequent, particularly in recent 

years. Overall, while DF and RF demonstrate high 

stability, the plantation classes exhibit more dynamic 

changes, primarily between PL and MP. These 

changes can be attributed to the increasing human 

population and demand for land, particularly for 

settlement expansion and its supporting areas [69]. 

Additionally, a transition map (Figure 5) 

corroborates the matrix results, showing that from 

2013 to 2018, transitions were primarily from PL to 

MP, and in the 2018 to 2023 period, shifts occurred 

between PL, MP, and some DF conversions to PL. 

These findings align with the transition matrix for the 

2013-2023 period (Table 6). 

 

3.3 Prediction and Simulation Models 

Before predicting the 2053 LULC in Nagari Maek, a 

potential transition modeling using Artificial Neural 

Network (ANN) is first carried out to produce a 

neural network graph. Modeling using ANN consists 

of several parameters which can be seen in Figure 6. 

In this study, using a neighborhood of 1 px, learning 

rate 0.1; maximum iteration 100, hidden layer 10 and 

momentum 0.05. The ANN modeling that was 

carried out resulted in an overall accuracy value 

obtained of -0.01157, minimal validation overall 

error of 0.05987 with a current validation kappa 

value of 0.68. The smaller the error value, the higher 

the performance of the model created. This value can 

be used, because it has an error value close to 0 and a 

kappa value close to 1 with a moderate category 

because it is in the range of 0.40 to 0.60 [60][72] and 

[73]. The values obtained from the training results are 

influenced by the iteration value, momentum value, 

or even the pixel cell size in the initial modeling data. 

This means that if the Kappa validation value is 

greater, the factor values used will generalize the 

results of the computational values in the ANN 

process. More iteration factors will also improve the 

modelling, but require longer processing time [53]. 

Subsequently, LULC prediction was conducted using 

cellular automata simulation, resulting in a prediction 

of LULC 2023 (Figure 7). 
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Figure 5: Transition map (a) LULC 2013-2018 (b) LULC 2018-2023 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 6: Transition potential modeling 
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Figure 7: LULC in 2023 (a) actual (b) predicted  

 

The LULC prediction results for 2023 were then 

compared with the actual data for 2023 which can be 

seen in Figure 7 and Table 7 The analysis results in 

Table 7 show that there is a slight difference in the 

LULC area between the predicted and actual results, 

especially in the PL class with a difference of up to 

16,36% and MP up to 17.84%. The overall statistical 

accuracy test was 68.43 with a correctness percentage 

of 83.11%. The Kappa value shows that the modeling 

has a strong suitability [19] and [73] because it is in 

the Kappa coefficient category of 0.61–0.80. 

Meanwhile, this correctness value represents a 

reliable prediction result and can be used as a 

reference in the formation of subsequent policies and 

of course a review of the prediction results with 

physical conditions in the field is needed. The Kappa 

value results show that there is a strong match 

between the simulation results and actual conditions, 

so the prediction simulation process can be carried 

out. In this study, predictions were made for the year 

2053 which spatially can be seen in Figure 8. 

Temporally in Figure 8 it is known that from 2023 to 

2053 or the next 30 years there will be significant 

changes in all LULC classes.  

(b) 

(a) 
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Table 7: Actual and projected LULC of 2023 

LULC 

Class 

Actual 2023 Projected 2023 Projected 

and actual 

difference 

(%) 

Kappa Value 

Area 

(ha) 

Changing 

area (%) 

Area 

(ha) 

Changing 

area (%) 

Correctness 

(%) 

Overall 

Kappa 

 

DF 
14,958.56 61.27 13,698.08 56.11 -5.16 

83.11 0.68 

BU 176.38 0.72 176.21 0.72 0 

PL 6,485.46 26.56 2,490.19 10.20 -16.36 

MP 2,479.72 10.16 6,836.23 28.00 17.84 

RF 313.64 1.28 1,213.05 4.97 3.60 

Total 24,413.76 100.00 24,413.76 100.00 0 
 

 
 

 
 

Figure 8: Predicted LULC: (a) in 2023 (b) in 2053 

(b) 

(a) 
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Figure 9: LULC change analysis from 2023 to 2053 

 

Significant changes occurred in the PL class which 

experienced a decrease of -13.67% and MP 

experienced an increase in 2053 of 17.46% while 

other land use classes such as DF, BU and RF did not 

experience a significant increase or decrease (Figure 

9). The decrease and increase in LULC in Nagari 

Maek can be caused by various factors, including in 

the next 27 years the population will increase, 

accompanied by the need for land, especially land for 

natural resource settlements, and socio-economic 

development plans [18] and [69]. 

  

3.5 LULC and Historical Tourism Menhir 

Nagari Maek is famous for its interesting and unique 

natural menhirs and geoparks. This is a potential for 

the Nagari to have historical tourism potential, 

especially regarding the menhirs facing Mount Sago. 

However, the history of menhirs is starting to be 

forgotten in society, and some people do not know 

the origins of the menhirs in Nagari Maek. Menhirs 

found in Maek have a variety of shapes such as 

animal and weapon shapes in accordance with the 

circumstances and beliefs of the previous community 

and some have motifs. The survey results showed 

that in Nagari Maek there were 30 menhir sites 

spread across various LULC classes (Table 8) and 

there were still many sites that had not been fenced, 

so the menhirs were distributed unevenly and many 

were not maintained. There are even people who use 

the menhir stones for household purposes. 

Should the predicted Land Use Land Cover 

(LULC) conversion in Nagari Maek occur by 2053, 

many menhirs are likely to be neglected or even lost 

due to the repurposing of their locations for other 

land uses. As indicated in Table 8, there were 30 

menhir sites identified in 2023. However, by 2053, it 

is estimated that there will be a reduction of 13 

menhir sites. Specifically, in 2053 it is known that the 

dominant changes occur in PL and MP, so it is 

predicted that 8 menhir sites contained in these land 

uses will also be disturbed, namely Domo Hill 

Menhir III, Menhir Ateh Sudu I, Menhir Jalan Baliak 

IV, Menhir Ampang Gadang A, Menhir Below the 

Ditch, Menhir Tanjung Kayu Kaciak II, Village 

Menhir I, Menhir Kampung II. Each site contains at 

least 20 menhirs; thus, the loss of 13 sites would 

result in the disappearance of at least 260 menhirs. 

Consequently, this would erode the distinctive 

characteristic of Nagari Maek as a site with 1,000 

menhirs over time.  

In Figure 10, it can also be seen that in 2023, there 

are 30 menhir sites spread across various land uses in 

Nagari Maek. This menhir in megalithic culture has 

a main function related to the worship of ancestral 

spirits or related to burial activities [74]. The extent 

of the menhir distribution area in Nagari Maek shows 

that Nagari Maek has a high cultural and historical 

value, so if it is properly utilized, it has the potential 

as a cultural and historical tourism area. However, 

with land use change, especially in the PL and MP 

classes in 2053, it can impact the 8 menhir sites 

shown in Figure 9(b). When people make land use 

changes, they tend to ignore the position and location 

of the menhirs, so that for some people the menhir 

stone is used as a seat or chili grinder. If this 

continues, Nagari Maek will lose its identity as a 

Nagari of 1,000 menhirs. This, careful planning is 

essential for land conversion, particularly for areas 

with potential value for development as historical 

tourism sites.  

Dryland

Forest

Built-up

Land

Plantation

s

Mix

Plantation

Rice

fields

Actual 2023 14958.56 176.38 6485.46 2479.72 313.64
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Table 8: Historical tourism menhir in Maek 
 

No Name E N LULC 2023 LULC 2053 

1 
Bandar Lintang Island 

Menhir (Fence) 
100° 28' 56.268" E 0° 2' 9.992" N Mix Plantation Mix Plantation 

2 
Menhir Bukit Domo I 

(Padang Hilalang) 
100° 30' 22.206" E 0° 1' 55.531" N Mix Plantation Mix Plantation 

3 Domo Hill Menhir II 100° 30' 18.924" E 0° 1' 53.660" N Mix Plantation Mix Plantation 

4 Menhir Bukit Domo IV 100° 30' 20.153" E 0° 1' 43.513" N Mix Plantation Mix Plantation 

5 Domo Hill Menhir III 100° 30' 22.991" E 0° 1' 48.762" N Plantations Mix Plantation 

6 Menhir Ronah I 100° 30' 13.254" E 0° 1' 36.077" N Built-up Land Built-up Land 

7 Menhir Ateh Sudu I 100° 30' 43.274" E 0° 1' 6.357" N Mix Plantation Built-up Land 

8 Menhir Ateh Sudu II 100° 30' 47.797" E 0° 1' 9.346" N Mix Plantation Mix Plantation 

9 Menhir Jalan Baliak III 100° 30' 26.496" E 0° 0' 56.521" N Mix Plantation Mix Plantation 

10 Pentingan Menhir 100° 30' 24.136" E 0° 0' 56.657" N Mix Plantation Mix Plantation 

11 Menhir Jalan Baliak IV 100° 30' 26.955" E 0° 0' 54.423" N Dryland Forest Mix Plantation 

12 Menhir Ampang Gadang A 100° 29' 46.029" E 0° 0' 43.802" N Plantations Mix Plantation 

13 Menhir Ampang Gadang B 100° 29' 43.717" E 0° 0' 42.724" N Mix Plantation Mix Plantation 

14 
(Fence) Menhir Below the 

Ditch 
100° 29' 40.705" E 0° 1' 38.570" N Plantations Mix Plantation 

15 (Fence) Menhir Balai Batu 100° 30' 34.350" E 0° 0' 57.065" N Mix Plantation Mix Plantation 

16 Bandar Lintang Island Menhir 100° 28' 56.357" E 0° 2' 10.024" N Mix Plantation Mix Plantation 

17 
Menhir Tanjung Kayu 

Kaciak II 
100° 29' 38.572" E 0° 1' 18.209" N Plantations Mix Plantation 

18 
Menhir Tanjung Kayu 

Kaciak I 
100° 29' 39.256" E 0° 1' 21.229" N Mix Plantation Mix Plantation 

19 Menhir Ronah II 100° 30' 12.335" E 0° 1' 41.929" N Mix Plantation Mix Plantation 

20 Menhir Ronah III 100° 30' 15.402" E 0° 1' 39.243" N Built-up Land Built-up Land 

21 Sopan Land Menhirs 100° 30' 46.074" E 0° 1' 51.407" N Built-up Land Built-up Land 

22 Menhir Jalan Baliak II 100° 30' 28.905" E 0° 0' 56.202" N Mix Plantation Mix Plantation 

23 Menhir Jalan Baliak I 100° 30' 26.390" E 0° 0' 49.648" N Mix Plantation Mix Plantation 

24 Village Menhir I 100° 30' 30.779" E 0° 0' 45.032" N Mix Plantation Plantations 

25 Menhir Kampung II 100° 30' 29.732" E 0° 0' 43.219" N Mix Plantation Plantations 

26 Sopan Tanah 100° 30' 45.438" E 0° 1' 50.938" N Built-up Land Built-up Land 

27 Menhir Tanjung Jirat I 100° 29' 36.221" E 0° 0' 48.215" N Mix Plantation Mix Plantation 

28 Menhir Lubuak Kambiang 100° 29' 39.488" E 0° 0' 50.830" N Built-up Land Built-up Land 

29 Menhir Tanjung Jirat II 100° 29' 37.851" E 0° 0' 47.012" N Mix Plantation Mix Plantation 

30 Menhir Lubuak Kubang 100° 29' 18.153" E 0° 0' 35.556" N Ricefields Ricefields 

 

Effective development of historical tourism could 

generate significant income for the Nagari. 

Conversely, if land conversion is not executed with 

thorough planning, it may result in the loss of 

menhirs and negatively impact ecosystem services, 

including provisioning, regulation, cultural, and 

biodiversity functions [75]. This is because 

ecosystem services that provide food sources, clean 

water, and biodiversity are low due to the change in 

plantation land (vegetation) to built-up land. 

Therefore, the results of LULC predictions are 

essential for planners and stakeholders [76]. 

Especially for Wali Nagari Maek, Bukik Barisan 

District, Limapuluh Kota Regency. The integration 

of menhir distribution into the LULC model 

enhances its practical relevance by including cultural 

factors, enabling better decision-making for 

balancing development and heritage conservation. 

However, the model is limited by the resolution of 

menhir data, which may miss smaller or 

undocumented sites, and by assuming that cultural 

landscapes remain static, ignoring potential changes 

in preservation efforts.  
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Figure 10: Influence of LULC change on menhir tourism: 

(a) actual LULC in 2023 (b) predicted LULC in 2053 

 

Future research could improve the model by 

incorporating more detailed cultural information, 

such as community involvement or tourism potential, 

and by considering dynamic factors like evolving 

environmental policies to create a more flexible and 

accurate predictive tool. 

 

4. Conclusions 

Nagari Maek is a Nagari famous for its menhirs, 

which can be used as a historical menhir tourist 

attraction. To increase historical menhir tourism in 

Nagari Maek, land needs to be converted in several 

locations to build private infrastructure. Therefore, a 

2053 LULC prediction was carried out to determine 

the menhirs condition in 2053 after land conversion. 

LULC predictions in Nagari Maek were carried out 

using the CA-ANN method from 2013 to 2023, 

where the results of changes from 2018 to 2023 were 

used as the basis for determining the LULC class in 

2053. The overall statistical accuracy test showed 

that the prediction results had an accuracy of 68.43 

with a correctness percentage amounting to 83.11%. 

This means that the resulting modeling has strong 

suitability and the prediction results can be trusted so 

(b) 

(a) 
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that it can be used as a reference in the formation of 

subsequent policies and of course a review of the 

prediction results is needed with the physical 

conditions in the field. LULC 2053 resulted in 

significant land changes only occurring in the DF or 

dry land forest class which experienced a decline of 

6.75% and PL or plantations of 13.67%. Apart from 

the decrease. LULC Nagari Maek also experienced 

an increase in the MP or mixed plantation class by 

17.46%. RF or rice fields by 1.57% and BU or built-

up land by 1.39%. The decrease and increase in 

LULC in Nagari Maek can be caused by various 

factors, including in the next 30 years the population 

will increase, accompanied by the need for land, 

especially land for settlement, natural resources for 

survival. 

If the LULC conversion is linked to the existence 

of menhirs (the main object in historical tourism), 

then in 2023 there will be 30 menhir sites discovered. 

However, in the 2053 estimate there will be a 

reduction in 6 menhir sites, where in 2053 Menhir 

Ronah I will experience residential development. 

Menhir Ateh Sudu I will experience land conversion 

from mixed gardens to built-up land. Menhir Ronah 

III, Menhir Sopan Tanah and Menhir Lubuak 

Kambiang will experience development, settlement. 

Each site has a different number of menhirs and has 

at least 20 menhirs. If 6 sites are lost, then at least 120 

menhirs are also lost. This caused the characteristic 

inherent in Nagari Maek, namely as a Nagari with 

1,000 menhirs, to disappear. This means that there 

needs to be good planning in carrying out land 

conversion, especially for land that has potential 

value to be developed as historical tourism. 
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