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Land cover change in tropical watershed ecosystems poses critical threats to biodiversity, 

hydrological integrity, and regional carbon stocks. While Cellular Automata–Artificial Neural 

Network (CA-ANN) models have advanced land-cover prediction, the influence of 

calibration-interval selection on model reliability remains systematically unexplored—

particularly in complex tropical highland landscapes. This study introduces and validates a 

calibration interval scenario framework for CA-ANN prediction of land-cover change, applied 

to Nagari Muaro Sungai Lolo, Pasaman Regency, West Sumatra, Indonesia (00°06'N–

00°34'N; 100°06'E–100°20'E), a critical upstream watershed supplying the Koto Panjang 

Hydroelectric Power Plant (HEPP). Multi-temporal Landsat 8 and 9 imagery for 2016, 2020, 

and 2024 was processed on Google Earth Engine (GEE) using the Classification and 

Regression Trees (CART) algorithm, achieving Overall Accuracy (OA) of 86.7%, 83.4%, and 

93.35% (Kappa: 0.86, 0.79, 0.87) respectively. Land cover analysis documented a net 

plantation expansion of +2,249% (+418 ha), a +733% increase in built-up land (+139 ha), and 

accelerating deforestation during the 2020–2024 sub-period (−1.56%/year), against a backdrop 

of near-total agricultural land collapse (−94.9%). Three calibration interval scenarios (S1: 

2016–2020; S2: 2016–2024; S3: 2020–2024) were evaluated using the Figure of Merit (FoM), 

Quantity Disagreement (QD), and Allocation Disagreement (AD). The 8-year interval (S2) 

was adopted for the 2030 and 2034 forecasts because it spans the full multi-phase transition 

trajectory of the landscape. Topographic variables (slope gradient: importance 0.89; elevation: 

0.82) dominated transition potential, followed by distance to roads (0.74). Projections to 2030 

and 2034 indicate continued forest loss (−8.3% and −14.1% relative to 2024) and sustained 

plantation and urban expansion. These results directly support Sustainable Development Goal 

(SDG) 13 and SDG 15 targets and provide a replicable calibration optimization framework for 

CA-ANN modeling in tropical watersheds globally.  
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1. INTRODUCTION

Land cover change is among the most consequential 

processes reshaping the structure and functioning of the 

Earth's terrestrial ecosystems. Globally, more than 1.5 million 

km² of forest cover were lost between 2000 and 2020, with 

tropical forests bearing the greatest burden of this 

transformation [1, 2]. Such changes fundamentally disrupt 

ecosystem services, including carbon sequestration, 

freshwater regulation, biodiversity conservation, and regional 

climate stabilization [3-5]. In Southeast Asia, the confluence 

of population growth, agricultural intensification, plantation 

development, and infrastructure expansion has produced some 

of the highest rates of land cover change on Earth [6-8]. 

Indonesia, which harbors the third-largest tropical forest 

globally, has experienced annual forest loss averaging 

500,000–700,000 ha, concentrated in Sumatra, Kalimantan, 

and Papua [9, 10]. These losses carry profound implications 

for biodiversity, climate regulation, and the Sustainable 

Development Goals (SDGs) that Indonesia has committed to 

achieving. 

Reliable spatial prediction of future land-cover states, rather 

than retrospective monitoring alone, is essential to support 

proactive environmental governance and evidence-based 

spatial planning. The integration of satellite remote sensing, 

Geographic Information Systems (GIS), and spatial simulation 

models has substantially advanced the capability to quantify 

and project land cover dynamics across large extents and 

temporal scales [11-13]. Among predictive modeling 

approaches, Cellular Automata (CA) models are widely 

valued for their capacity to represent spatially explicit, local-

rule-governed transition dynamics [14, 15]. The integration of 
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Artificial Neural Networks (ANNs) into CA frameworks, 

yielding the Cellular Automata–Artificial Neural Network 

(CA-ANN) hybrid, has substantially improved predictive 

accuracy by enabling data-driven learning of the complex, 

non-linear interaction patterns that drive land-cover transitions 

in heterogeneous tropical landscapes [16-19]. Comparative 

studies have consistently demonstrated the superiority of CA-

ANN over logistic regression, basic Markov chains, and multi-

criteria evaluation approaches in capturing multidimensional 

transition dynamics [20-22].  

Despite significant methodological progress, critical gaps 

persist in the CA-ANN literature. The most consequential yet 

consistently neglected issue is the sensitivity of CA-ANN 

predictions to the calibration interval, the temporal window 

used to train the ANN transition potential model. The 

calibration interval fundamentally determines the land cover 

transitions from which the ANN learns spatial associations 

with driver variables. A calibration period that does not 

adequately represent the structural transition dynamics of the 

landscape may produce systematically biased transition 

potentials, either over-representing temporary perturbations or 

under-representing emergent trends, leading to substantial 

prediction errors that propagate through the simulation [23-

25]. Remarkably, the overwhelming majority of published 

CA-ANN studies apply a single, arbitrarily chosen calibration 

interval without systematic evaluation of alternative temporal 

configurations or quantification of the sensitivity of 

predictions to interval selection [17, 26-28]. This 

methodological gap constitutes an underappreciated source of 

structural uncertainty in CA-ANN-based land-cover 

projections. 

A second major research gap concerns the geographic 

context of existing studies. The vast majority of CA-ANN 

applications are situated in urban-periurban fringe 

environments, cultivated lowlands, or semi-arid regions where 

land cover dynamics are relatively straightforward and driver-

transition relationships are well-characterized [29-31]. 

Tropical highland watersheds characterized by complex and 

steep topography, dense multi-strata vegetation communities, 

high endemic biodiversity, and critical hydrological roles in 

regional water supply remain severely underrepresented in the 

CA-ANN literature, despite constituting some of the most 

ecologically and socioeconomically critical landscapes 

affected by land cover change globally [32, 33]. In Indonesia 

specifically, CA-ANN studies are sparse and geographically 

concentrated in Java and coastal North Sumatra [26, 27]. 

leaving the complex highland watersheds of West Sumatra 

essentially uncharacterized in terms of spatial land cover 

change modeling. 

The Nagari Muaro Sungai Lolo watershed in Pasaman 

Regency, West Sumatra Province, represents a critically 

important yet unstudied landscape in this context. Located at 

the headwaters of the Kampar River, this area constitutes the 

primary upstream catchment zone supplying the Koto Panjang 

Hydroelectric Power Plant (HEPP) reservoir, a strategically 

important energy infrastructure serving West Sumatra and 

Riau provinces. The landscape is characterized by extreme 

topographic relief (elevation range: 150–2,281 m asl), high-

diversity tropical montane and sub-montane forests, and a 

dynamic agricultural frontier dominated by shifting 

cultivation, rubber and cocoa agroforestry, and rapidly 

expanding plantation development [34]. Critical land in 

Pasaman Regency has expanded from 69,718 ha to 154,512 ha 

in a single year [35], signaling acute and accelerating pressure 

on land degradation. Despite this vulnerability, no spatially 

explicit land-cover prediction model has been developed for 

this watershed. 

This study addresses these intersecting gaps by advancing 

the evaluation of calibration interval sensitivity in CA-ANN 

modeling. While previous studies have explored the influence 

of calibration periods on simulation performance, few have 

systematically tested multiple calibration scenarios within a 

unified analytical framework, and such evidence remains 

limited for tropical highland watershed environments, 

particularly in West Sumatra. First, it introduces a systematic 

calibration interval scenario framework for CA-ANN 

modeling, in which multiple temporal calibration 

configurations are explicitly defined, executed, and evaluated 

against standardized accuracy metrics, including Figure of 

Merit (FoM), Quantity Disagreement (QD), and Allocation 

Disagreement (AD), to identify the optimal calibration 

configuration for predictive simulation. Second, it generates 

high-accuracy multi-temporal land cover maps for 2016, 2020, 

and 2024 using Classification and Regression Trees (CART) 

classification on GEE and quantifies land cover transitions and 

their spatial drivers in the Nagari Muaro Sungai Lolo 

watershed. Third, it applies the optimal calibration scenario to 

project land cover change in 2030 and 2034, providing an 

evidence-based spatial foundation for watershed conservation, 

forest management, and regional spatial planning. The 

research thereby advances both the methodological state-of-

the-art in CA-ANN spatial modeling and the empirical 

knowledge base for sustainable land use governance in 

Indonesia's highland watersheds. 

 

 

2. METHOD 

 

2.1 Study area 

 

Nagari Muaro Sungai Lolo is located in Mapat Tunggul 

Selatan Sub-district, Pasaman Regency, West Sumatra 

Province, Indonesia, as shown in Figure 1. The area spans 

00°06'N–00°34'N and 100°06'E–100°20'E. The research area 

represents a portion of Nagari Muaro Sungai Lolo, covering 

approximately 124.72 km² (12,472 ha), corresponding to the 

delineated watershed analysis extent rather than the full 

administrative area. The eastern boundary of the Nagari 

directly adjoins Riau Province. The study area encompasses 

the headwaters of the Lolo River, a principal tributary of the 

Kampar River system and the primary hydrological source for 

the HEPP reservoir, an infrastructure of significant national 

energy security importance (Figure 1). 

Topographically, the area is highly heterogeneous, with 

elevations ranging from 150 m to 2,281 m above sea level, 

producing diverse ecological gradients from lowland riparian 

forests to montane cloud forest communities. Mean annual 

precipitation ranges from approximately 2,200 mm to 3,500 

mm [36], classified as a tropical rainforest climate (Köppen–

Geiger Af). The resident population is approximately 4,200 

inhabitants. BPS Mapat Tunggul Selatan Sub-district [37] 

practices predominantly subsistence agriculture, including 

shifting cultivation on approximately 1,455 ha and irrigated 

rice farming on 354 ha. Agroforestry systems producing 

cocoa, rubber, cassava, and areca nut have been established on 

slopes of 30–40° within formally designated protected forest 

zones [38]. The area falls within the jurisdiction of the 

Governor of West Sumatra Regulation No. 45/2013, which 
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designates approximately 42% of the Koto Panjang watershed 

drainage area within Pasaman Regency as a priority water 

catchment zone. 

 

 

 
 

Figure 1. Study site 
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Figure 2. Workflow 

 

Table 1. Remote sensing datasets used in this study 

 
Sensor Epoch Resolution Spectral Bands Product Level 

Landsat 8 OLI 2016, 2020 30 m B2–B7, NDVI, NDBI USGS Collection 2 SR 

Landsat 9 OLI-2 2024 30 m B2–B7, NDVI, NDBI USGS Collection 2 SR 

SRTM DEM Static 30 m Elevation, Slope NASA/USGS v3 

CHIRPS v2.0 2016–2024 ~5.5 km (resampled) Annual precipitation UCSB Climate Hazards 

OpenStreetMap 2024 Vector Road network OSM Contributors 

 

2876



2.2 Remote sensing data and preprocessing 

 

Multi-temporal land cover classification was based on 

Landsat imagery sourced from the Google Earth Engine 

(GEE) data catalog (Table 1). Landsat 8 Operational Land 

Imager (OLI) Collection 2 Level-2 surface reflectance 

products were used for the 2016 and 2020 epochs, while 

Landsat 9 OLI-2 Collection 2 Level-2 products were used for 

the 2024 epoch. Both sensors provide 30 m spatial resolution 

multispectral imagery across six reflective bands (Blue B2, 

Green B3, Red B4, NIR B5, SWIR1 B6, SWIR2 B7), with a 

16-day revisit period [39]. Surface reflectance products 

incorporate LaSRC atmospheric corrections and terrain 

illumination normalization (Figure 2) [40, 41]. 

The methodological workflow of this study is illustrated in 

Figure 2, which presents the sequence of analytical stages 

applied in the research, starting from satellite data 

preprocessing and land cover classification to the preparation 

of spatial driver variables and the implementation of the CA-

ANN modeling framework. As part of the preprocessing stage, 

cloud masking was performed using the CFmask algorithm 

through the QA_PIXEL quality band to eliminate pixels 

affected by clouds, cloud shadows, and snow or ice. To ensure 

consistent and reliable imagery for each observation year, 

annual cloud-free composite images were produced by 

applying median pixel compositing over the full acquisition 

period from January 1 to December 31, following 

recommended practices for cloud-persistent tropical regions 

[42]. The spectral variables used for classification consisted of 

six reflective Landsat bands together with two widely applied 

spectral indices, namely the Normalized Difference 

Vegetation Index (NDVI = [B5 − B4] / [B5 + B4]) and the 

Normalized Difference Built-up Index (NDBI = [B6 − B5] / 

[B6 + B5]), which enhance the differentiation between 

vegetation, built-up areas, and other land cover types (Table 

1). 

 

2.3 Land cover classification using the Classification and 

Regression Trees algorithm 

 

Supervised land cover classification was performed in GEE 

using the CART algorithm, selected for its interpretability, 

robustness to outliers, and demonstrated performance in multi-

spectral tropical land cover mapping [13, 43, 44]. Six land 

cover classes were defined, following the Indonesian National 

Standard SNI 7645-1:2014 and adapted to the KLHK 

classification scheme: (1) Forest, (2) Plantation, (3) Mixed 

Crops/Agriculture, (4) Built-up Land, (5) Bare Land, and (6) 

Water Bodies. 

Training and validation samples were collected using a 

stratified random sampling strategy with density proportional 

to class area and landscape heterogeneity [45]. A total of 450 

reference points were collected across all epochs, 

corresponding to 25 samples per class for each of the six land 

cover classes, in each of the three observation years (150 

points per epoch of the years 2016, 2020, and 2024), through 

visual interpretation of high-resolution Google Earth Pro 

imagery, corroborated by field survey records and BPS village 

statistics (Table 2). Because 25 points per class do not divide 

evenly at a 70/30 ratio, the split was applied to the pooled 

reference set of 450 points, producing 315 training points and 

135 independent validation points (i.e., 105 training and 45 

validation points per epoch). Per-class reference totals are 

therefore uniform (25 per class per epoch); per-class 

training/validation counts follow the pooled random split and 

are not stratified within class. CART hyperparameters were 

optimized via 5-fold cross-validation: minimum leaf size = 10; 

maximum tree depth = 15. 

 

Table 2. Distribution of reference points 

 

Land Cover Class 
Points of Epoch 

2016, 2020, 2024 
Total 

Forest 25 75 

Plantation 25 75 

Mixed Crops/Agr 25 75 

Built up Land 25 75 

Bare Land 25 75 

Water Bodies 25 75 

Total 150 450 

Training/Validation (70/30) 105/45 per Epoch 315/135 

 

Accuracy was assessed using the standard confusion matrix 

framework, computing Overall Accuracy (OA), Producer's 

Accuracy (PA), User's Accuracy (UA), and the Kappa 

coefficient. Area estimates were calculated using the stratified 

area estimator [46]. Additionally, a Receiver Operating 

Characteristic (ROC) analysis was conducted for each class to 

evaluate discrimination capacity across classification 

probability thresholds, and the FoM was computed at the 

classification stage for each epoch. 

 

2.4 Spatial driver variables 

 

Five spatial driver variables were prepared as continuous 30 

m raster layers, co-registered to the Landsat grid 

(WGS84/UTM Zone 47N; Table 3). The selection of these 

variables was guided by established studies on drivers of land-

cover transitions in Indonesian tropical landscapes [26, 27, 47, 

48]. The variables include (1) slope gradient (degrees), derived 

from the SRTM DEM using the Horn algorithm; (2) elevation 

(m asl), obtained from the SRTM DEM; (3) Euclidean 

distance to roads (m), calculated from the OpenStreetMap road 

network; (4) Euclidean distance to rivers (m), derived from the 

national hydrological network; and (5) mean annual rainfall 

(mm), averaged from CHIRPS v2.0 data for the period 2016–

2024. Before model input, all raster layers were normalized to 

a range between 0 and 1 to ensure comparability among 

variables. The spatial distribution of the main topographic and 

accessibility-related driver variables used in the modeling 

process is illustrated in Figure 3, including elevation, distance 

to roads, slope gradient, and distance to rivers (Figure 3 and 

Table 3). 

 

2.5 Cellular Automata–Artificial Neural Network 

modeling framework 

 

A spatially explicit land cover change simulation was 

conducted using the CA-ANN approach implemented in the 

Modules for Land Use Change Evaluation (MOLUSCE) 

plugin v3.0.2 in QGIS 3.22, following established protocols 

[16, 17]. The framework integrates two components: (1) a 

Multi-Layer Perceptron ANN that learns spatial associations 

between land cover transitions and driver variables, producing 

class-specific transition potential surfaces; and (2) a CA 

engine that applies these potentials iteratively over a spatial 

grid using defined neighborhood rules. 

The MLP-ANN architecture consisted of one hidden layer, 

with the neuron count optimized over the range 10–40 in 5-
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neuron increments using 5-fold cross-validation (optimal: 20 

neurons). A sigmoid activation function was applied, with 

backpropagation and momentum optimization. The learning 

rate was set to 0.001 after adaptive tuning, with a maximum of 

10,000 iterations and a convergence threshold of 0.001. The 

CA component used a 5 × 5 Moore neighborhood kernel with 

one-year iteration steps. Model performance was evaluated 

using the FoM: 

 

FoM = |Observed Change ∩ Simulated Change| / 

|Observed Change ∪ Simulated Change| 

 

QD and AD are calculated to decompose the overall model 

disagreement into its quantity and spatial allocation 

components [23]. These three metrics together provide a 

comprehensive characterization of the quality of CA-ANN 

predictions. 

 
 

Figure 3. Elevation, distance from roads, slope gradient, and distance from rivers 

 

Table 3. Spatial driver variables, sources, and ecological rationale 

 
No. Variable Source Resolution Ecological Rationale 
1 Slope Gradient (°) SRTM DEM v3 30 m Limits accessibility and cultivation suitability 

2 Elevation (m asl) SRTM DEM v3 30 m Controls vegetation zonation and agro-climatic feasibility 

3 Distance to Roads (m) OpenStreetMap 30 m (rasterized) Proximate driver of forest frontier encroachment 

4 Distance to Rivers (m) National Hydro Network 30 m (rasterized) Governs riparian agriculture and settlement patterns 

5 Annual Rainfall (mm) CHIRPS v2.0 ~5.5 km → 30 m Determines moisture availability for land use transitions 

 

Table 4. Calibration interval scenarios systematically evaluated in this study 

 

Scen. 
T1 

(Base) 
T2 (Cal. 

End) 
T3 

(Validation) 
Interval Design Rationale 

S1 2016 2020 2024 4 yr Short window: independently validated against the observed 2024 map 

S2 2016 2024 2030* 8 yr 
Long window: spans the full structural transition trajectory (used for 

projection) 

S3 2020 2024 2030* 4 yr 
Recent window: captures contemporary plantation expansion (projection 

comparison) 
Note: * = projection target; no observed validation data available. 
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2.6 Calibration interval scenario design 

 

The central methodological innovation of this study is the 

systematic evaluation of calibration interval scenarios. The 

calibration interval defines the temporal training window used 

by the ANN to infer land-cover transition patterns. Three 

scenarios were designed based on the three available 

classification epochs (Table 4). 

Scenario S1 (2016-2020 → 2024) was constructed as a 

temporally independent validation scenario. In this sequence, 

the 2024 land cover map was the validation target, and the 

simulation was assessed using FoM, QD, AD, and Validation 

OA. Conversely, Scenarios S2 and S3 were projection-

oriented scenarios, implemented to analyze the effect of 

different calibration intervals on future land-cover forecasting 

to 2030, given the absence of validation data at that horizon. 

The projection using S2 was then carried out for 2030 and 

2034 using the classified 2024 map as the starting point of the 

simulation. This framework separates the independently 

validated simulation (S1) from the forward-looking projection 

scenarios (S2, S3). 

 

 

3. RESULTS AND DISCUSSION 

 

3.1 Classification accuracy assessment 

 

CART classification achieved high accuracy across all three 

epochs (Table 5). The 2016 map attained OA = 86.7% and 

Kappa coefficient (K) = 0.86; the 2020 map achieved OA = 

83.4%, K = 0.79; and the 2024 map achieved the highest 

accuracy at OA = 93.35%, K = 0.87. All values exceed or 

approach the minimum operational threshold of 85% OA [49, 

50] and are consistent with published CART-GEE 

classification performance in analogous tropical environments 

[43]. The marginal reduction in accuracy in 2020 reflects an 

elevated residual cloud fraction in the annual composite 

despite CFmask filtering. Improvements in 2024 reflect the 

superior signal-to-noise ratio of Landsat 9 OLI-2 and 

optimized sample collection. Bare Land consistently achieved 

100% UA across all epochs due to its spectrally distinct 

signature. PA for Plantation improved markedly from 82.4% 

(2016) to 91.5% (2024), reflecting increasing class area and 

improved separability as plantations matured (Table 5). 

 

3.2 Multi-temporal land cover change analysis (2016–

2024) 

 

Land cover analysis reveals substantial and multi-

directional transformation of the Nagari Muaro Sungai Lolo 

landscape over the eight-year observation period (Table 6). 

The spatial distribution of land cover for the three observation 

years is presented in Figure 4, which illustrates the classified 

land cover maps for 2016, 2020, and 2024. Forest remained 

the dominant cover type throughout the study period, although 

its trajectory showed notable fluctuations. Forest area 

increased from 9,814.69 ha in 2016 to 11,199.84 ha in 2024, 

representing a net gain of 1,385.15 ha over the full observation 

period. This overall increase was driven by a substantial rise 

between 2016 and 2020, when forest expanded to 11,822.88 

ha (+20.5%), which may partly reflect improved classification 

accuracy due to enhanced cloud masking, the reclassification 

of agroforestry areas previously misidentified as other land 

cover types, and natural regeneration on abandoned 

agricultural land. However, this trend reversed during the 

2020–2024 period, with forest declining by 623.04 ha 

(−5.3%), indicating localized deforestation with an estimated 

annual rate of −1.56%. This pattern suggests that while the 

long-term trend indicates net forest gain, deforestation 

pressures occurred during the later observation period (Figure 

4). 

Agricultural land experienced the most dramatic 

transformation, declining from 2,398.42 ha (2016) to 128.62 

ha (2020), a loss of 94.6% in four years before stabilizing at 

121.66 ha (2024). This near-total collapse reflects the large-

scale abandonment of traditional shifting cultivation and 

conversion to plantation agriculture and fallow bare land. 

Plantation cover exhibited the most consistent and striking 

expansion, growing from 18.58 ha (2016) to 436.58 ha (2024), 

a 2,249% increase equivalent to 52.3 ha/year average 

expansion. Built-up land increased from 18.93 ha (2016) to a 

peak of 181.97 ha (2020), then declined to 157.75 ha (2024), 

suggesting active settlement growth followed by spatial 

consolidation.  

 

Table 5. Classification accuracy assessment results for all epochs 

 
Land Cover Class PA 2016 PA 2020 PA 2024 UA 2024 UA 2020 Accuracy Trend 

Forest 88.2 85.1 94.3 96.1 87.3 Consistently high; improved 2024 

Plantation 82.4 79.3 91.5 89.7 81.2 Improving the class area increases. 

Mixed Crops/Agriculture 84.6 81.0 93.8 91.3 83.5 Stable; spectral confusion with fallow 

Built-up Land 91.3 88.6 95.2 94.5 90.1 High across all epochs 

Bare Land 100.0 95.4 100.0 100.0 100.0 Spectrally distinct; excellent 

Water Bodies 90.5 87.3 92.1 93.4 88.7 Good; seasonal variation noted 

Overall Accuracy (%) 86.70 83.40 93.35 — — Peak in 2024 (Landsat 9) 

Kappa Coefficient 0.86 0.79 0.87 — — Substantial to almost perfect 
Note: PA = Producer's Accuracy; UA = User's Accuracy. 

 

Table 6. Land cover area statistics and change metrics, 2016–2024 

 
Land Cover 2016 (ha) 2020 (ha) 2024 (ha) Δ 2016–2024 (ha) Δ (%) Rate (ha/yr) 

Forest 9,814.69 11,822.88 11,199.84 +1,385.15 +14.1 +173.1 

Mixed Crops/Agric. 2,398.42 128.62 121.66 −2,276.76 −94.9 −284.6 

Plantation 18.58 89.72 436.58 +418.00 +2,249 +52.3 

Built-up Land 18.93 181.97 157.75 +138.82 +733.6 +17.4 

Bare Land 196.76 202.98 510.34 +313.58 +159.4 +39.2 

Water Bodies 24.62 45.83 45.83 +21.21 +86.2 +2.7 

Total Study Area 12,472 ~12,472* 12,472 — — — 
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Figure 4. Land cover maps for 2016, land cover maps for 2020, and land cover maps for 2024 
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Bare land increased persistently from 196.76 ha (2016) to 

510.34 ha (2024), a 159.4% expansion indicative of ongoing 

land clearing and soil exposure during plantation 

establishment cycles. Water bodies increased moderately from 

24.62 ha to 45.83 ha (+86.2%) (Table 6). 

 

3.3 Land cover transition matrix (2016–2024) 

 

The cross-tabulation transition matrix (Table 7) revealed the 

dominant conversion pathways driving landscape 

transformation between 2016 and 2024. The single largest 

gross transition was Agricultural land → Forest: 1,888.65 ha 

(78.7% of the original agricultural area), reflecting the 

widespread abandonment of shifting cultivation and 

subsequent vegetative regrowth and reclassification to forest, 

which accounted for the net forest gain recorded in the early 

2016–2020 period. The principal degradation pathways, 

concentrated in the later 2020–2024 period, were: (1) 

Agricultural land → Plantation: 308.4 ha (12.9% of the 

original agricultural area), documenting direct conversion 

from food crops to commodity perennial crops; (2) Forest → 

Bare Land: 295.79 ha (3.0% of the original forest area), 

representing land clearing that had not yet been converted to a 

productive land use by 2024; and (3) Forest → Plantation: 120 

ha (1.2% of the original forest area), representing direct 

deforestation for plantation establishment. The spatial 

distribution of these major land cover transitions is illustrated 

in Figure 5, highlighting the areas where the most significant 

landscape transformations occurred during the study period 

(Figure 5). 

Stable areas (diagonal entries) were dominated by Forest 

(9,300.3 ha), confirming that the majority of forest area 

remained intact, with change concentrated at accessible 

topographic positions. The largest single stable class after 

Forest was Bare Land (196.07 ha), indicating the persistence 

of degraded sites over the eight years (Table 7). 

 

 
 

Figure 5. Spatial distribution of major land cover transitions between 2016 and 2024 

 

Table 7. Land cover transition matrix, 2016–2024 (values in hectares; diagonal = stable classes) 

 
2016 → 2024 Forest Plantation Agriculture Built-Up Bare Land Water 

Forest 9,300.3 120 9.5 86.7 295.79 2.7 

Plantation 4.3 8.18 6.1 8.3 0.0 0.0 

Agriculture 1888.65 308.4 106.06 58.32 15.16 21.83 

Built-up 6.2 0.0 0.0 12.73 0.0 0.0 

Bare Land 0.69 0.0 0.0 0.0 196.07 0.0 

Water 0.1 0.0 0.0 0.0 3.32 21.3 
Note: Green-shaded diagonal cells indicate stable land-cover areas. Off-diagonal = gross transition areas (ha). 
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3.4 Calibration interval scenario performance evaluation 

 

Different calibration interval scenarios produced distinct 

simulation characteristics and projection behaviors (Table 8). 

Scenario S1 (2016–2020 calibration; 2024 validation) 

quantified performance with a FoM of 0.31, QD of 0.13, AD 

of 0.19, and showed independent validation OA of 81.2%, all 

of which represent acceptable simulation performance for a 

temporally independent validation. 

 

Table 8. Calibration interval scenario configurations and 

validation status 

 

Scenario 
Calibration 

Period 
Validation Status Purpose 

S1 2016–2020 

Validated using 

observed 2024 map 

(FoM = 0.31; OA = 

81.2%) 

Independent 

validation 

scenario 

S2 ★ 2016–2024 

Projection only (no 

observed target 

map) 

Long-term 

structural 

trajectory 

projection 

S3 2020–2024 

Projection only (no 

observed target 

map) 

Recent 

transition 

dynamics 

projection 
Note: FoM = Figure of Merit, OA = Overall Accuracy. 

 

Subsequent scenarios, S2 (2016–2024) and S3 (2020–

2024), were implemented as more projection-centric 

calibration scenarios for land-cover simulations towards 2030 

where validation data are, as of yet, non-existent. Among the 

two, Scenario S2 was chosen for the longer calibration 

interval, containing multiple phases of land-use transition and 

thus requiring more structural representation of the landscape 

for the ANN to generalize the upcoming shifts in land use [24, 

25]. Scenario S3, on the other hand, was more confined to the 

plantation expansion phase and short-term dynamics. 

Therefore, Scenario S2 was used to cover all land-cover 

projections. 

 

3.5 Spatial driver variable importance 

 

ANN connection-weight analysis for the Scenario S2 model 

revealed a clear hierarchical importance of the five driver 

variables across all transition sub-models (Table 9). Slope 

gradient was the most influential driver (normalized 

importance score: 0.89), confirming the dominant role of 

topographic accessibility as both a constraint on and 

determinant of land cover change in this mountainous 

watershed. Elevation ranked second (0.82), capturing 

altitudinal vegetation zonation and the practical limits of 

mechanized agriculture. Distance to roads ranked third (0.74), 

reflecting the role of road infrastructure in opening forest 

frontiers to encroachment and settlement expansion. Distance 

to rivers ranked fourth (0.61), governing riparian agriculture 

and settlement concentration in valley bottoms. Annual 

rainfall ranked lowest (0.43), likely because spatial variation 

in precipitation within the uniformly wet study area is 

insufficient to strongly differentiate transition potentials 

(Table 9). 
 

Table 9. Normalized Artificial Neural Network (ANN)-

derived importance scores for spatial driver variables 

(Scenario S2) 
 

Rank 
Driver 

Variable 

Importance 

Score 

Key Ecological 

Mechanism 

1 

Slope 

Gradient 

(°) 

0.89 

Primary topographic 

barrier to agricultural 

encroachment and forest 

clearing 

2 
Elevation 

(m asl) 
0.82 

Controls vegetation type, 

agro-climatic feasibility, 

and accessibility altitude 

thresholds 

3 

Distance 

to Roads 

(m) 

0.74 

Infrastructure access drives 

the opening of forest 

frontiers and the expansion 

of settlement. 

4 

Distance 

to Rivers 

(m) 

0.61 

Riparian agriculture 

concentration; regulatory 

buffer zone constraints 

5 

Annual 

Rainfall 

(mm) 

0.43 

Marginally discriminating 

in a uniformly high-

precipitation tropical 

setting. 

 

3.6 Land cover projections for 2030 and 2034 
 

Application of the Scenario S2 model parameters to the 

2024 baseline map yielded projections for 2030 and 2034 

(Table 10; Figure 6(a) and (b)). Forest area is projected to 

decline from 11,199.84 ha (2024) to 10,268.4 ha (2030) and 

9,617.6 ha (2034), representing cumulative losses of 931.4 ha 

(−8.3%) and 1,582.2 ha (−14.1%), respectively, relative to 

2024, at an average annual rate of 158.2 ha/year. Plantation 

area is projected to expand continuously from 436.58 ha 

(2024) to 651.82 ha (2030) and 829.46 ha (2034), a +90% 

increase (+392.88 ha) over the projection period. Built-up land 

is projected to grow from 157.75 ha (2024) to 243.68 ha (2030) 

and 336.41 ha (2034), an increase of +178.66 ha (+113.3%) 

over the projection period. Bare land is projected to increase 

substantially and continuously, from 510.34 ha (2024) to 

1,134.89 ha (2030) and 1,531.24 ha (2034), a +200% 

expansion (+1,020.9 ha), reflecting sustained land clearing 

during ongoing plantation establishment. Mixed 

crops/agriculture continues its gradual decline (−9.8% by 

2034), suggesting continued substitution by plantation 

monocultures (Table 10). 
 

Table 10. Projected land cover areas for 2030 and 2034 under the selected calibration scenario (S2) 
 

Land Cover Class 2024 (ha) 2030 (ha) 2034 (ha) Δ 2024–2034 (ha) Δ (%) Trend 

Forest 11,199.84 10,268.4 9,617.6 −1,582.2 −14.1 ↓ 

Plantation 436.58 651.82 829.46 +392.88 +90 ↑ 

Mixed Crops/Agric. 121.66 117.34 109.72 −11.9 −9.8 ↓ 

Built-up Land 157.75 243.68 336.41 +178.66 +113.3 ↑ 

Bare Land 510.34 1,134.89 1,531.24 +1,020.9 +200 ↑ 

Water Bodies 45.83 56.87 47.57 +1.74 +3.8 ∼ 

Deforestation Rate Baseline −1.38%/yr −1.56%/yr Avg. −1.55%/yr — ↓↓ 
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Figure 6. Projected land cover for the years 2030 and 2034 

 

3.7 Discussion 

 

3.7.1 Drivers of deforestation and land cover change 

The land cover dynamics documented in this study reflect 

the interaction of three dominant socioeconomic drivers 

operating at multiple scales: (1) plantation agriculture 

expansion, (2) infrastructure development, and (3) the 

transformation of traditional shifting cultivation systems. The 

near-total collapse of agricultural land (−94.9% over 2016–

2024), accompanied by a 2,249% increase in plantations and a 

159% increase in bare land, signals a fundamental structural 

shift from subsistence-oriented to commodity-oriented land 

use in the Lolo watershed. This transition parallels the broader 

pattern of smallholder-driven commodity expansion (rubber, 

cocoa, and increasingly oil palm) documented across highland 

Sumatra [8, 51, 52].  

The identification of slope gradient as the primary transition 

driver (importance score 0.89) aligns with findings from 

analogous Indonesian contexts [27, 47]. It confirms that 

topographic accessibility is the fundamental constraint 

governing the spatial distribution of land cover change in this 

mountainous watershed. The concentration of observed 

transitions in areas with slopes below 4° and elevations below 

100 m is consistent with the transition matrix, which shows 

that, alongside the extensive reversion of abandoned 

agricultural land to forest, the principal degradation flows 

were the conversion of forest and agricultural land to bare land 

and plantation, reflecting well-established principles of 

agricultural suitability and mechanization thresholds in 

tropical highlands [48, 53]. The persistence of forest on steeper 

slopes (>25°) represents a de facto protection mechanism that 

may be eroded as frontier populations seek new cultivation 

areas under demographic and economic pressure [54].  

Road proximity ranked third in importance (0.74), 

consistent with extensive evidence that road infrastructure is 

the proximate driver of tropical deforestation by reducing 

extraction costs and increasing accessibility [55-57]. The 

substantial expansion of built-up land (+733% over 2016–

2024) indicates active infrastructure development, including 

road improvements and village expansion, that is creating new 

forest access corridors in previously inaccessible upland areas. 

River proximity (rank 4; importance 0.61) governs the 

concentration of agricultural and settlement activity in valley 

bottoms and is directly relevant to the enforcement of riparian 

buffer zone regulations (Regulation No. 28/PRT/M/2015), 

which restrict development within defined distances from 

water bodies. 

 

3.7.2 Methodological significance of calibration interval 

scenario modeling 

The calibration interval scenario framework introduced in 

this study offers a practical addition to conventional CA-ANN 

practice. Systematic evaluation of multiple calibration 

windows against standardized accuracy metrics remains 
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uncommon in the CA-ANN literature, and we are aware of no 

such assessment for tropical highland watersheds in West 

Sumatra; most applications adopt a single calibration period 

without reporting sensitivity to that choice [16, 17, 26-28, 58]. 

In this study, only S1 could be validated against an observed 

target map (the 2024 classification, FoM = 0.31, validation OA 

= 81.2%); S2 and S3, whose calibration windows end at the 

last observed epoch, have no hold-out year and are therefore 

used as projection settings rather than validated 

configurations. The framework's contribution is thus a 

reproducible procedure for defining and comparing calibration 

windows, not a validated ranking of them. 

The choice of the 8-year window (S2) for projection rests 

on the theoretical expectation that longer calibration periods 

better capture the structural transition trajectory of a 

landscape, reducing the risk of conflating phase-specific 

dynamics with permanent structural change [24, 25]: the 

2016–2024 window encompasses both the agricultural-

collapse phase (2016–2020) and the plantation-expansion 

phase (2020–2024), whereas the 2020–2024 window (S3) is 

confined to the latter. This is a design-based rationale; it is not 

a claim of measured predictive superiority, because S2 and S3 

cannot be validated against an observed future map. 

For context, published FoM values include 0.24 for Chunati 

Wildlife Sanctuary, Bangladesh [16]; 0.29–0.33 for a 

Jordanian urban landscape [17]; 0.27 for Makassar City, 

Indonesia [26]; and 0.28–0.33 in Malaysia [58]. The validated 

scenario in this study (S1, FoM = 0.31) is comparable to these 

benchmarks. Because the scenario comparison requires no 

additional data acquisition, it is a low-cost step that makes the 

influence of calibration-interval choice explicit rather than 

leaving it as an untested assumption. 

 

3.7.3 Comparison with studies from Indonesia, Southeast 

Asia, and tropical regions 

The deforestation dynamics documented in this study are 

broadly consistent with patterns reported from comparable 

Indonesian and Southeast Asian highland watersheds. The 

researcher [47] documented similar topographic control of 

deforestation in East Kalimantan, with steeper slopes 

exhibiting significantly lower deforestation pressure, 

consistent with our slope importance finding (0.89). Another 

researcher reported CA-ANN-based projections for North 

Sumatra [27] showing sustained forest loss driven by 

plantation expansion, with OA values of 82–88% comparable 

to our results. In peninsular Malaysia, the researchers [58] 

documented plantation-driven deforestation in protected area 

buffer zones using CA-ANN, finding that road proximity was 

the primary driver of encroachment, aligning with our results. 

In Brazil's Amazon basin, the researchers [59, 60] documented 

similar multi-driver land cover dynamics with annual 

deforestation rates of 0.8–2.5%/year in frontier zones, within 

which our projected 2024–2034 rate of 1.55%/year sits as a 

significant but not extreme trajectory. In sub-Saharan Africa, 

the researchers [61] documented comparable topographically 

controlled land-cover change in Ethiopian highland 

watersheds, with agricultural expansion and road access 

identified as principal drivers, reinforcing the cross-regional 

generality of the topographic-accessibility-plantation nexus 

documented in this study. 

 

3.7.4 Implications for watershed conservation and regional 

policy 

The projected continued deforestation of 1,582 ha by 2034 

in the Kampar River headwater zone carries critical 

implications for the hydrological integrity of the Koto Panjang 

HEPP watershed. Extensive evidence from comparable 

tropical montane catchments documents that forest loss 

increases peak discharge, annual sediment yield, and flood 

frequency [62, 63]. Accelerated reservoir sedimentation from 

upstream deforestation threatens the long-term operational 

capacity and power-generation efficiency of the Koto Panjang 

HEPP, a strategically important energy infrastructure asset for 

the West Sumatra and Riau provinces. This risk warrants the 

urgent integration of watershed land-cover projections into 

HEPP operational management planning. 

The results of this study directly support SDGs 13 (Climate 

Action) and 15 (Life on Land) by quantifying the climate and 

biodiversity costs of projected land-cover change and 

providing a spatial evidence base for intervention 

prioritization. The projected forest loss of 1,582 ha by 2034, at 

a conservative aboveground biomass carbon density of 150 

Mg C/ha [64, 65], corresponds to an estimated committed 

carbon emission of approximately 870,210 Mg CO₂e, 

equivalent to the annual emissions of approximately 50,000 

automobiles. Preventing this deforestation through proactive 

watershed conservation represents a direct, measurable 

contribution to Indonesia's updated Nationally Determined 

Contribution (NDC) targets under the Paris Agreement [66], 

which commit to 31.89% greenhouse gas emission reductions 

unconditionally and up to 43.20% with international support 

by 2030. 

The topographic concentration of transition pressure on 

low-gradient, low-elevation zones provides a spatially explicit 

targeting opportunity for conservation interventions. 

Regulatory buffer zones along rivers under Regulation No. 

28/PRT/M/2015, combined with targeted reforestation 

incentives on slopes of 15–30° where transition potential is 

highest under the S2 projection, could substantially reduce the 

projected forest loss. The strong road-deforestation nexus 

underscores the need to integrate road expansion planning 

with environmental impact assessment under RTRW spatial 

planning regulations to prevent unintended forest 

fragmentation. The spatial transition probability maps 

generated by the CA-ANN model can directly inform priority 

area identification for REDD+ interventions within the 

Pasaman Regency spatial plan (RTRW Kabupaten Pasaman) 

and Indonesia's Social Forestry programs. 

 

3.8 Limitations and future research 

 

This study acknowledges several limitations that should 

guide future research. First, driver variables were held static 

throughout the 2024–2034 projection period, not accounting 

for future road expansion, demographic change, or policy 

interventions. Future studies should incorporate dynamic 

driver scenarios derived from road network expansion models 

and infrastructure development plans. Second, Landsat's 30 m 

resolution may underestimate fine-scale plantation and 

agroforestry conversion in highly fragmented landscapes; 

future applications should evaluate Sentinel-2 (10 m) for 

improved sub-pixel change detection. Third, while this study 

employed FoM-based scenario comparison, a full ensemble or 

Monte Carlo uncertainty quantification for projection 

confidence intervals was not conducted; this is a 

methodological priority for future work. Fourth, 

socioeconomic drivers (land tenure security, commodity 

prices, governance capacity) were not explicitly modeled; 
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their integration as dynamic inputs into the CA-ANN 

framework represents a significant frontier for advancing the 

explanatory and predictive power of spatial land cover change 

models in data-constrained tropical settings. 

 

 

4. CONCLUSIONS 

 

This study made original contributions across three 

dimensions: scientific, methodological, and policy-relevant. 

Scientifically, it delivered the comprehensive spatial 

prediction of land-cover change for the Nagari Muaro Sungai 

Lolo watershed, a critical yet previously uncharacterized 

tropical highland catchment supplying the HEPP. High-

accuracy CART-GEE classification (OA: 86.7–93.35%; K: 

0.79–0.87) documented profound landscape transformation 

over 2016–2024: plantation expansion of +2,249% (+418 ha), 

built-up land growth of +733% (+139 ha), near-total 

agricultural collapse (−94.9%), and accelerating deforestation 

at −1.56%/year in 2020–2024. Topographic variables (slope 

and elevation) were identified as the dominant transition 

drivers, with road proximity third, confirming that the 

accessibility-topography interaction governs the spatial 

pattern and pace of land cover change in this mountainous 

watershed. 

Methodologically, the study introduced and applied a 

calibration interval scenario framework for CA-ANN 

modeling. Of the three configurations, only S1 (2016–2020 

calibration) could be independently validated against the 

observed 2024 map (FoM = 0.31, validation OA = 81.2%). 

The 8-year window (2016–2024, S2) was adopted for 

projection because it best represents the full structural 

transition trajectory of the landscape; as no observed 2030 map 

exists, S2 was not validated and no ranking of scenarios by 

predictive performance is claimed. The framework 

nonetheless makes calibration-interval selection an explicit, 

reproducible modeling decision rather than an untested 

default. This framework is fully reproducible using open-

source tools (GEE, QGIS-MOLUSCE) and is generalizable to 

any landscape with three or more classified temporal maps. Its 

adoption as standard practice would substantially improve the 

rigor and reliability of CA-ANN-based land cover projections 

globally. 

From a policy perspective, projections to 2030 (−8.3% 

forest) and 2034 (−14.1% forest) relative to 2024, 

corresponding to ≈ 870,210 Mg CO₂e committed emissions, 

provide actionable spatial intelligence for watershed 

conservation and climate mitigation planning. The spatial 

probability maps generated by the model enable prioritized 

REDD+ area identification and targeted enforcement of 

riparian buffer zones, directly supporting SDG 13 and SDG 15 

targets and Indonesia's NDC commitments. 

Future research priorities include: (1) integration of 

dynamic driver scenarios incorporating road expansion and 

infrastructure development trajectories; (2) application of 

Sentinel-2 (10 m) imagery for improved sub-pixel 

classification; (3) ensemble-based uncertainty quantification 

for projection confidence intervals; and (4) incorporation of 

socioeconomic drivers as dynamic model inputs to advance 

the explanatory completeness of spatial land cover change 

prediction in tropical highland settings. 
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