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ABSTRACT 

One of the critical watersheds in Indonesia is the Cimanuk watershed, which is recognized as a 

national priority watershed. Remote sensing plays a vital role in monitoring land use/land cover 

(LULC) in the Cimanuk watershed. Overall accuracy (OA) and Kappa coefficient (KC) are commonly 

used as primary measures of classification accuracy. In addition to these parameters, it is essential 

to examine the consistency of LULC classification over time. This study aimed to compare the 

accuracy and temporal consistency of three Machine Learning Models: random forest (RF), support 

vector machine (SVM), and classification and regression tree (CART) for LULC classification in the 

Cimanuk watershed using Sentinel-2 Multispectral Instrument (MSI) images for 2020 and 2025, 

processed in Google Earth Engine (GEE). The results indicate that RF has the highest accuracy, with 

87.9% (OA) and 83.7% (KC) in 2025, and 83.6% (OA) and 77.9% (KC) in 2020. The lower classification 

accuracy in 2020 compared to 2025 is likely due to the 2025 image having clearer visual 

characteristics and better spectral separability among LULC classes. When examining inconsistent 

transitions between 2020 and 2025, CART accounted for 11.97% of these transitions, higher than RF 

and SVM. After applying temporal consistency correction to the 2020 LULC classification result, RF 

remains the best-performing classifier, achieving 90% (OA) and 86.5% (KC), followed by CART and 

SVM. These findings provide valuable insights into incorporating accuracy and temporal consistency 

assessments into time-series LULC analysis, serving as a reference for future LULC studies in 

watershed management and other geographic contexts. 

Introduction 

Human needs for food, water, energy, housing, infrastructure, environment, and socio-cultural aspects are 

increasing as the population grows [1,2]. This phenomenon drives more intensive land utilization. Monitoring 

land use/land cover (LULC) is essential using a functional analysis unit in the form of a watershed because a 

watershed reflects the holistic relationship between biophysical and social aspects. A total of 108 watersheds 

in Indonesia have been designated as priority watersheds due to their critical condition resulting from LULC 

changes, including those on Java Island [3]. Several studies have conducted LULC monitoring in Indonesian 

watersheds, including the Cisadane [4], Citarum [5], and Brantas [6] watersheds. 
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One of the critical watersheds on Java Island is the Cimanuk watershed, which is considered a national priority 

watershed [7]. Unsustainable land use in the Cimanuk watershed has led to a decline in watershed functions, 

resulting in 31% of critical land areas [8]. Monitoring LULC in the Cimanuk watershed is essential for observing 

changes over time and promoting sustainable land-use practices. Remote sensing plays a vital role in 

monitoring LULC in watersheds. Many studies have conducted digital analyses of LULC changes in watersheds 

using the Google Earth Engine (GEE) platform [9–11]. Digital analysis using GEE is chosen because it is 

objective, relatively quick, and easy to replicate [12,13]. Analyzing LULC over large areas with high-resolution 

imagery requires substantial data, so selecting GEE can facilitate LULC classification compared to traditional 

analysis techniques [14]. 

The GEE platform supports various classifiers for LULC analysis, including random forest (RF), support vector 

machine (SVM), maximum likelihood (ML), classification and regression tree (CART), and minimum distance 

(MD) [15]. Among these, RF, SVM, and CART are widely utilized due to their effectiveness in handling 

multispectral remote sensing data. RF is an ensemble learning method that combines multiple decision trees 

via majority voting, providing high accuracy and robustness against overfitting. However, while offering 

higher performance, this approach demands more extensive computational resources and may limit the 

model interpretability [16]. SVM is a supervised algorithm that constructs optimal hyperplanes to separate 

classes in a high-dimensional feature space. While effective at handling limited training samples and complex 

class boundaries, the model’s performance remains highly contingent upon the precise selection of 

parameter and kernel [17]. Meanwhile, CART is a tree-based method that partitions data using decision rules. 

It is computationally efficient and easy to interpret, though it may be prone to overfitting and sometimes 

yields lower accuracy than ensemble methods, such as RF [17]. 

The availability of multiple classifiers makes it essential to evaluate each classifier’s performance to achieve 

accurate classifications. Previous studies have compared two or more classifiers in GEE. Prodromou et al. [18]  

compared classification results using three classifiers (RF, SVM, and CART). Meanwhile, Xie and Niculescu [19] 

compared classification results of SVM, RF, and convolutional neural network (CNN). The main parameters 

used to compare classifier performance are overall accuracy (OA) and Kappa coefficient (KC). These metrics 

reflect how well the classification results match actual land cover sample points.  

However, OA and KC do not fully capture classification accuracy, especially with respect to consistency and 

temporal rationality. For example, a classification in year one might show built-up land, but in year two, it 

shows paddy fields, indicating an inconsistency or irrational change. Based on previous studies comparing 

LULC classification results across multiple classifiers [20,21], no analysis has examined the consistency of 

classification results across classifiers. Therefore, this study aims to compare the accuracy and temporal 

consistency of RF, SVM, and CART classifiers for LULC analysis in the Cimanuk watershed. The novelty of this 

research lies in obtaining spatial LULC analysis results for the Cimanuk watershed that consider the 

consistency of LULC change transitions across RF, SVM, and CART classifiers. 

The OA and KP are commonly used metrics for evaluating the performance of LULC classification, as they 

measure the agreement between classified maps and reference data for a specific time period. However, 

these metrics do not evaluate whether the classified land-cover classes remain logically consistent across 

multiple time periods. In this study, temporal consistency refers to the logical continuity of LULC classes 

across consecutive years, where land transitions follow plausible land-use dynamics (e.g., forests converting 

to agriculture rather than reverting abruptly to unrelated classes). Previous studies are currently limited to 

the long-term temporal consistency of LULC data [22,23]. Most studies evaluate classification performance 

only using OA, the KC, and class-based accuracies, without assessing the consistency of changes over time in 

LULC maps [10,16,20]. Consequently, maps with high OA and Kappa values may still produce unrealistic LULC 

transitions over time. Such temporal irregularities can undermine the reliability of LULC change analysis and 

spatial planning.  

To address this gap, this study aims to compare the accuracy and temporal consistency of three widely used 

classifiers: RF, SVM, as well as CART for LULC classification located in the Cimanuk watershed. By evaluating 

both classification accuracy and temporal consistency, this study seeks to deliver robust LULC datasets 

essential for informed land-use monitoring and effective watershed management. The novelty of this study 

lies in integrating conventional classification accuracy assessment (OA and KC) with a temporal consistency 

evaluation of LULC transitions derived from multi-temporal classification results. While previous studies 

typically compare classifiers based on accuracy metrics, such as OA and Kappa, this study introduces an 
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additional evaluation of the logical consistency of land-cover transitions between years. Temporal 

consistency was assessed by identifying irrational or unlikely transitions between consecutive years and 

applying a masking-based correction. This approach enables the correction of inconsistent classifications and 

provides a more robust comparison of RF, SVM, and CART classifiers for multi-temporal LULC analysis. 

Materials and Methods 

Study Area 

The research was conducted in the Cimanuk watershed. The Cimanuk watershed is located in West Java 

Province, Indonesia. This watershed covers Garut Regency (upstream), Majalengka and Sumedang (middle-

stream), and Indramayu (downstream). The Cimanuk watershed covers an area of 363,568.47 hectares and 

is situated at 06°13.7′–07°25.7′ South Latitude and 107°42.5′–108°24.5′ East Longitude [24]. The terrain in 

the Cimanuk watershed is predominantly less than 30% slope (about 64%), with very steep slopes found on 

two mountain peaks within the watershed, namely Mount Papandayan and Mount Cikuray [8]. The map of 

the research location in the Cimanuk watershed is presented in Figure 1. 

 

Figure 1. Map of the study area. The map shows that the highest elevation in the Cimanuk Watershed reaches 3,038 

meters above sea level. Areas with high elevation are predominantly located in the southern (upstream) region, while 

lower elevations are found in the northern (downstream) part. The points distributed across the map represent 

sample locations for LULC classification, totaling 210 points, which are categorized into seven classes: built-up land 

(BU), dryland agriculture (DA), paddy fields (PF), plantations (PL), forests (FO), ponds (PO), and water bodies (WB). 

Datasets and Sources 

The data used for analyzing LULC include Sentinel-2 Multispectral Instrument (MSI) satellite images from 

2020 and 2025 with a resolution of 10 meters sourced from the European Union/European Space 

Agency/Copernicus. LULC sample points from high-resolution satellite images obtained from Google Earth 

Pro. The Indonesian Topographic Map was sourced from the Badan Informasi Geospasial (BIG). Datasets, 

specifications, and sources used in this study are presented in Table 1. 
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Table 1. Datasets, specifications, and sources used in this study. The table summarizes the datasets employed for 

LULC classification in the Cimanuk Watershed, including Sentinel-2 MSI Level-2A surface reflectance data, LULC sample 

points derived from high-resolution Google Earth Pro imagery, and the Rupa Bumi Indonesia (RBI) map. It provides 

key specifications such as spatial resolution, acquisition periods, cloud cover threshold, and map scale, along with 

their respective data sources and access links. 

Dataset SpecificaQon Source 

SenQnel-2 MSI Level 2A Surface 

Reflectance Harmonized 

ResoluQon: 10 meters 

AcquisiQon period of 2020: 01-01-

2020 to 31-12-2020 

AcquisiQon period of 2025: 01-01-

2025 to 31-12-2025 

Cloud cover: < 20% 

European Space Agency (ESA) [25] 

LULC sample points obtained from 

Google Earth Pro (high-resoluQon 

satellite imagery) 

Reference years: 2020 and 2025 

Used for training and validaQon of 

LULC classificaQon 

Visual interpretaQon of LULC classes 

Google Earth Pro (imagery provided by 

Maxar Technologies and Airbus Defence 

and Space) [26] 

Rupa Bumi Indonesia (RBI) map Scale 1:25,000 

Area of interest: Garut, Indramayu, 

Majalengka, and Sumedang Regency 

Badan Informasi Spasial (BIG) [27] 

Methods 

Image Pre-processing 

LULC classification was conducted in 2020 and 2025 using Sentinel-2 satellite imagery at 10 meters resolution 

in GEE. Before performing the LULC classification, the images were filtered by Cimanuk watershed location, 

analysis year, and cloud cover below 20%. Additionally, cloud and cirrus masking were applied to the 

remaining clouds using the QA60 band of Sentinel-2 imagery. Next, sample points were input into GEE. The 

sample points from high-resolution Google Earth Pro images numbered 30 for each land cover/use class (a 

total of 210 points). A total of 30 sample points were selected for each LULC class because, based on Joyce 

[28], approximately 30 to 50 training sample sites are recommended for each LULC class to adequately 

represent the range of field conditions and spectral variability within each class. Training samples were 

identified using the historical imagery feature to select images that align as closely as possible with the 2020 

and 2025. LULC classes were then determined through visual interpretation of color, texture, pattern, and 

contextual characteristics. Only locations with clearly identifiable and temporally consistent land cover were 

used as training and testing samples. 

The LULC classes analyzed included: BU, DA, PF, PL, FO, PO, and WB. For each sample point, a polygon was 

digitized around it to obtain training and test pixels. The total number of pixels was 116,261, with 70% 

(81,155) for training and 30% (35,106) for testing. The classification bands used were 2 (blue), 3 (green), 4 

(red), and 8 (near-infrared). Additionally, the Normalized Difference Vegetation Index (NDVI) and Normalized 

Difference Water Index (NDWI) parameters were used in the classification to achieve more accurate results. 

NDVI and NDWI were included as additional predictor variables because they enhance the separability of 

vegetation and water-related land-cover classes, thereby reducing spectral confusion and improving 

classification accuracy. NDVI is considered effective for distinguishing vegetated from non-vegetated areas, 

whereas NDWI improves the identification of water bodies and moist surfaces. Recent studies have indicated 

that integrating NDVI and NDWI into LULC classification significantly improves classification performance 

[29,30]. 

Land Use/Land Cover Classification 

LULC classification was conducted using supervised methods with RF, SVM, and CART classifiers in GEE for 

the 2020 and 2025 images. The LULC for 2025 was analyzed first, given the better cloud cover in the images 

compared to 2020. LULC was classified into seven classes based on the sample points: BU, DA, PF, PL, FO, PO, 

and WB. Details regarding the RF, SVM, and CART classifiers used in this study are explained as follows: 

Random forest (RF) 

RF is a decision tree-based classifier developed by Breiman [31]. RF constructs random decision trees 

(forests), then performs majority voting to obtain a more stable and accurate classification result. The RF 

classifier was implemented in GEE using the smileRandomForest algorithm. The number of trees (ntree) was 
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set to 100, which aimed to ensure stable classification performance. Other parameters, including the number 

of variables per split (mtry), the maximum tree depth, and the bagging fraction, were set to their default 

values in GEE. In this implementation, the number of variables per split was automatically set to the square 

root of the total number of predictor variables, and trees were grown without a predefined maximum depth, 

using bootstrap aggregation (bagging) to generate robust classification results. The RF formula is presented 

in Equation 1 as follows: 

{ℎ��, ���, 	 = 1, … }  (1) 

Where the function h represents a single decision tree. Meanwhile, k is the index of the decision tree, with 

values ranging from 1 to K. θk is a randomly distributed and independent vector, each tree contributes to the 

class with the highest count for input x. 

Support vector machine (SVM) 

SVM was developed by Cortes and Vapnik [32]. SVMs perform classification by learning from previously 

labeled data and predicting new data points. The main goal of using SVM is to find the best decision boundary, 

or the maximum-margin separating hyperplane, that separates different data categories [33]. SVM uses 

several kernel functions, specific formulas that help it separate classes of data that are difficult to distinguish. 

The kernel functions used by SVM include linear, radial basis function (RBF), polynomial, and sigmoid. This 

research uses the RBF kernel because, based on previous studies, it is more effective compared to other 

kernel functions [34]. The RBF kernel formula [35] is presented in Equation 2 as follows: 

	��� , ��� = ����−
�������

�
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Where 	��� , ��� is the kernel function, ��  is the i-th data point, ��  is the j-th data point, and σ is the kernel 

width. Gamma (�) is the kernel scale parameter derived from the kernel width (σ), with the relationship 

defined as � = 1/2�2. When σ approaches zero, the SVM tends to overfit. Meanwhile, if σ is too large, it can 

cause underfitting. If � is large, the model becomes more sensitive and the patterns more complex. If � is 

small, the model is less sensitive. Therefore, the appropriate kernel width must be chosen. In this study, the 

SVM classifier was implemented in GEE using the LIBSVM library (ee.Classifier.libsvm). This was trained on a 

training dataset derived from the digitized sample polygons and Sentinel-2 spectral bands as input features. 

The RBF kernel was employed due to its efficacy in handling the nonlinear relationships in multispectral 

remote sensing data. Tuning was not performed in this study because it used the same reference values as 

the previous study by Prodromou et al. [18], which set gamma = 1 and cost (C) = 100 to control the kernel 

sensitivity and the penalty for misclassification, respectively. These selected parameters were used to present 

good classification performance. 

Classification and regression tree (CART) 

CART was developed by Breiman in 1984 [31], based on regression analysis and simple decision-making. A 

decision tree in CART is built by splitting the training data at a threshold until leaf nodes are reached that 

cannot be split further. Leaf nodes are used to make predictions [20]. The CART classifier uses Gini impurity, 

a measure of a node's impurity in a decision tree. Gini impurity is used to build the decision tree and 

determine the optimal decision splits. The Gini impurity formula used by CART is presented in Equation 3 

[36]. Based on Equation 3, Gini (p) is the Gini impurity, pi represents the proportion of data belonging to class 

I, and N is the number of classes. The higher the Gini value, the less pure or the more difficult the separation 

between classes. 

 !"!��� = 1 − # ��!��$

�%&
  (3) 

In this study, the CART classifier was implemented in GEE using the ee.Classifier.smileCart() function. This was 

trained using LULC training samples and the selected spectral bands from the satellite imagery as input 

variables. The algorithm automatically generates decision rules by partitioning the feature space based on 

impurity reduction, commonly measured using the Gini impurity (Equation 3) [37]. After training, the 

resulting decision tree model was applied to classify the imagery. 

Accuracy Assessment 

The accuracy of LULC classification was assessed using OA and KC. OA and KC were calculated twice, before 

and after the consistency correction (Figure 2). The accuracy assessment was conducted in two stages: 

initially, following the LULC classification, and subsequently, after the masking-based temporal consistency 

assessment. The second assessment was conducted after the LULC correction using masking to obtain a 
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temporally consistent classification. The two-stage accuracy assessment was performed to quantify the effect 

of temporal consistency correction on OA and Kappa values. The formulas for OA and KC [38] are presented 

in Equations 4 and 5 as follows: 

'(�)*++ ,--.)*-/ = �

0
 1 100%  (4) 

Where x represents the LULC class results from the classification that match the field check results, and y 

represents the total LULC points that have been validated.  

4*��* 56�77!-!�"8 = 0 ∑ ��� � ∑ ���:�:�� ;
�<=

;
�<=
0� � ∑ ���:�:�� ;

�<=
  (5) 

Where, xii is the LULC type-i from the simulation results that corresponds to the LULC type-i from the field 

check results, xi+ is the LULC type-i from the simulation results, x+i is the LULC type-i from the field check 

results, and N is all observation points. 

 
Figure 2. Research flowchart. This figure illustrates the workflow for LULC classification and temporal consistency 

assessment using Sentinel-2 imagery for 2020 and 2025. The process integrates machine learning algorithms (RF, SVM, 

and CART), followed by accuracy assessment, temporal consistency checking, and masking-based correction to 

address irrational transitions. The final output is a temporally consistent LULC map with improved classification 

reliability. 

Temporal Consistency Assessment 

The temporal consistency assessment was conducted to minimize inconsistent or irrational transitions 

between 2020 and 2025 and to improve the accuracy of the LULC classification. The 2020 LULC map was 

compared with the 2025 classification results to identify inconsistent or irrational LULC changes. During the 

study period (2020–2025), no major infrastructure or large-scale development projects were reported in the 
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study area that could have significantly altered land-use patterns within such a short time frameTherefore, 

several transitions were classified as irrational, including changes from BU to other LULC types (DA, PF, PL, 

FO, PO, and WB), given that built-up areas are generally considered nearly irreversible [39]. In addition, 

transitions from PO and WB to terrestrial LULC classes (BU, DA, PF, PL, and FO) were also regarded as unlikely 

due to the relatively stable nature of water-related land covers over time [40]. Furthermore, the conversion 

of PF into FO was considered implausible within a five-year period, as such natural succession processes 

typically require several decades [41]. 

Land Use/Land Cover Classification Correction 

After identifying irrational transitions through the consistency assessment, masking was used to correct LULC 

consistency. For instance, in 2020, an area classified as BU was later classified as paddy fields in 2025. This 

transition was rechecked through visual interpretation of high-resolution imagery in Google Earth Pro for the 

corresponding location and time period. This verification indicated that the correct land cover was paddy 

fields. Therefore, the BU in the 2020 map was masked with the paddy field classification from the 2025 map 

because the transition from BU (2020) to PF (2025) was considered irrational. After correcting the 

classification results for all LULC classes, the final LULC map was obtained. The flowchart of this research is 

presented in Figure 2. 

Results and Discussion 

Results 

The LULC classification results using RF, SVM, and CART for 2025, which consist of seven classes, are 

presented in Figure 3. Meanwhile, the area of LULC classification results for 2025 using RF, SVM, and CART is 

presented in Figure 4 and Table 2. 

 

Figure 3. Map of LULC classification results for 2025 using (a) RF, (b) SVM, and (c) CART. Each map presents seven 

LULC classes, with paddy fields dominating the northern parts of the watershed. Forests mainly concentrated in the 

middle and southern areas. Meanwhile, built-up land scattered across urbanized zones. Ponds are primarily located 

in the northern region, reflecting coastal and lowland hydrological features. 
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Figure 4. Area of LULC classification results for 2025 using RF, SVM, and CART. Across all classifiers, the LULC area 

shows the same order. The smallest are plantation, followed by water body, pond, built-up, paddy field, dryland 

agriculture, and the largest is forest. 

Table 2. Area and percentage of LULC classification results for 2025 using RF, SVM, and CART. The Table showed that 

plantation has the smallest area percentage, at 0.16% (RF), 0% (SVM), and 0.6% (CART). Meanwhile, the forest has 

the highest area percentage at 38.42% (RF), 40.04% (SVM), and 36.83% (CART). 

Class 
RF SVM CART 

Area (ha) Percentage (%) Area (ha) Percentage (%) Area (ha) Percentage (%) 

BU 27,408.45 7.54 21,291.77 5.86 33,631.01 9.25 

DA 118,973.35 32.72 126,838.49 34.89 114,503.81 31.49 

PF 60,703.16 16.70 54,673.05 15.04 61,973.56 17.05 

PL 566.77 0.16 0.00 0.00 2,170.30 0.60 

FO 139,672.63 38.42 145,555.23 40.04 133,907.08 36.83 

PO 10,145.64 2.79 11,476.34 3.16 10,027.64 2.76 

WB 6,098.47 1.68 3,733.58 1.03 7,355.08 2.02 

Total 363,568.47 100.00 363,568.47 100.00 363,568.47 100.00 

The lower part of the map (south) depicts the upstream area of the Cimanuk watershed, while the upper part 

(north) shows the downstream area. Forests and dryland agriculture dominate the upstream and middle 

sections of the watershed. The water body, the Jatigede Reservoir, is also situated in the central part of the 

Cimanuk watershed. Built-up areas are distributed throughout the watershed and are concentrated in the 

centres of Garut, Indramayu, Majalengka, and Sumedang regencies. Meanwhile, the downstream part of the 

watershed is mainly covered by paddy fields [42]. 

The RF classification results in 2020 are similar to those in 2025. According to Pande et al. [43], RF can produce 

stable LULC classification maps over multiple years. Meanwhile, SVM classification results in 2020 differ 

notably from those in 2025, with ponds and water bodies in 2020 being poorly classified. Similarly, CART in 

2020 also failed to classify ponds and water bodies, as it did in 2025. The LULC classification maps for 2020, 

generated using RF, SVM, and CART classifiers, are shown in Figure 5. 

Based on Table 3, RF achieved the highest accuracy in 2020, with 83.6% (OA) and 77.9% (KC), followed by 

CART with 68.9% (OA) and 58.6% (KC), and SVM with 68.9% (OA) and 56.9% (KC). Meanwhile, the highest 

accuracy in 2025 was achieved using RF classification, with an OA of 87.9% and a KC of 83.7%. The OA and KC 

for SVM ranked second at 85.0% and 79.8%, respectively. Meanwhile, the lowest OA and KC values were 

obtained with the CART classifier, at 82.8% and 77.1%, respectively. The superiority of RF over SVM and CART 

has also been reported in previous studies [44,45]. Research by Arpitha et al. [14] comparing the performance 

of RF, SVM, and CART over seven years using MSI's Sentinel-2 also consistently presented that RF could 

achieve the best results. On average, RF accuracy was about 5% higher for OA and 6.5% higher for Kappa than 

for the lowest-performing classifier (CART). The 2020 SVM and CART results have lower accuracy, likely due 

to greater spectral confusion among several LULC classes, cloud and shadow effects, as well as reduced class 

separability in the 2020 imagery. In contrast, the 2025 imagery provided clearer spectral distinction between 

classes, resulting in improved classification accuracy for all methods and OA values above 80%. 
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Figure 5. Map of LULC classification results for 2020 using (a) RF, (b) SVM, and (c) CART before consistency correction. 

The RF classification outputs for 2020 are comparable to those obtained for 2025. In contrast, SVM and CART exhibit 

clear inconsistencies, particularly in their inability to accurately identify ponds and water bodies in 2020, a limitation 

also observed in their 2025 results. 

Table 3. Overall accuracy and Kappa coefficient of 2020 and 2025 LULC classification. In 2020, RF achieved the highest 

accuracy, outperforming CART and SVM. Similarly, in 2025, RF remained the most accurate, followed by SVM, while 

CART showed the lowest performance. 

Year 
Overall Accuracy (%) Kappa Coefficient (%) 

RF SVM CART RF SVM CART 

2020 83.6 68.9 68.9 77.9 56.9 58.6 

2025 87.9 85.0 82.8 83.7 79.8 77.1 

Based on the check for inconsistent or irrational transitions between 2020 and 2025 (Figure 6), CART results 

in more inconsistent or irrational transitions than RF and SVM, at 11.97%. SVM has the fewest inconsistent 

transitions, at 4.52%. This discrepancy is likely due to CART’s reliance on a single decision tree, which is 

inherently more sensitive to noise and variations in the training data, often resulting in less stable 

classification. In contrast, RF combines multiple decision trees to reduce variance by aggregating multiple 

trees, while SVM demonstrates superior generalization capability through kernel-based class separation, 

resulting in more consistent classifications over time [37]. The area and percentage of inconsistent or 

irrational transitions from 2020 to 2025 are presented in Table 4. 

A visual inspection of inconsistent transitions using multi-temporal high-resolution imagery from Google 

Earth Pro revealed that most irrational transitions were caused by misclassification rather than actual land-

cover change. This is evident in Figure 7, where an examination of the 2025 high-resolution Google Earth 

imagery revealed classification errors and temporal inconsistencies at various locations in the 2020 map. 

Figure 7 also shows the improved classification results after applying the consistency correction masking to 

the LULC map. 
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A consistency correction was applied to the 2020 classification results by addressing irrational transitions. 

This correction successfully improved accuracy compared to the previous results. Overall and Kappa 

Coefficient for RF increased to 90% and 86.5%; SVM increased to 71.5% and 60.2%; and CART increased to 

80.9% and 74.2%. The map after the consistency correction is shown in Figure 8. Although temporal 

consistency correction was applied, the 2020 image still had lower quality than the 2025 image, including 

stronger cloud-shadow effects, lower spectral contrast, and greater confusion between water-related and 

surrounding land-cover classes. As a result, the pond was more difficult to distinguish in the 2020 

classification. RF was able to preserve the pond more clearly as its ensemble structure is more robust to 

image noise and spectral variability. In contrast, CART and SVM were more affected by lower image quality 

and confusion with adjacent classes, leading the pond to appear less distinct or to disappear after 

classification. 

 

Figure 6. The inconsistent or irrational transition map from 2020 to 2025 using (a) RF, (b) SVM, and (c) CART. CART 

produced the highest proportion of inconsistent or irrational transitions, whereas SVM showed the lowest, with RF 

performing in between. This difference reflects CART’s sensitivity to noise due to its single-tree structure, while RF 

and SVM provide more stable and consistent classifications through ensemble learning and kernel-based 

generalization. 

Table 4. The area and percentage of rational and irrational transitions from 2020 to 2025. CART produced the highest 

proportion of irrational transitions, while SVM showed the lowest, with RF in between. This reflects CART’s sensitivity 

to noise from its single-tree structure, whereas RF and SVM provide more stable results through ensemble learning 

and kernel-based generalization. 

Class 
RF SVM CART 

Area (ha) Percentage (%) Area (ha) Percentage (%) Area (ha) Percentage (%) 

RaQonal transiQon 346,278.41 95.24 347,130.96 95.48 320,031.49 88.03 

IrraQonal transiQon 17,290.06 4.76 16,437.51 4.52 43,536.98 11.97 

Total 363,568.47 100.00 363,568.47 100.00 363,568.47 100.00 

 



This journal is © Artikanur et al. 2026  JPSL, 16(3) | 294 

 

Figure 7. Snippet of satellite images and LULC classification results. Visual inspection using multi-temporal high-

resolution imagery from Google Earth Pro indicates that most irrational transitions result from misclassification rather 

than actual land-cover change. Classification errors and temporal inconsistencies in the 2020 map are corrected after 

applying consistency masking, leading to improved LULC results. 

 

Figure 8. Map of the 2020 LULC classification results using (a) RF, (b) SVM, and (c) CART after consistency correction. 

The consistency correction successfully improved the accuracy compared to the previous results. However, lower 

2020 image quality reduced class separability, especially for ponds, with RF remaining more robust, while SVM and 

CART were more affected by noise and spectral confusion. 
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Figure 9 shows the area of LULC before and after the temporal consistency correction. The total area 

produced by each method remains the same at 363,568.47 ha, although the area and percentage of each 

class varies across RF, SVM, and CART (Table 5 and 6). Typically, the RF, SVM, and CART classification methods 

produce the largest proportions of forest, dryland agriculture, paddy fields, and built-up areas. RF and SVM 

share the same order for classes five to seven, namely pond, water body, and plantation. Conversely, in CART, 

the order of classes five to seven is pond, plantation, and water body. 

 

Figure 9. Map of the 2020 LULC classification results using RF, SVM, and CART before and after consistency correction. 

The map shows that consistency correction leads to noticeable adjustments in the area distribution of LULC classes 

across RF, SVM, and CART. After correction, class proportions become more consistent and balanced, indicating 

reduced misclassification. Overall, the correction improves the reliability of LULC area estimates for 2020. 

Table 5. Area and percentage of LULC classification results for 2020 using RF, SVM, and CART before correction. The 

table shows that FO and DA are the most dominant land cover types across all three models, collectively accounting 

for over 60% of the total area. While RF and CART identify areas for all categories, SVM fails to detect any PL, PO, and 

WB. Overall, the models show the most consistency in classifying BU and PF, with only minor variations in their 

respective percentages. 

Class 
RF SVM CART 

Area (ha) Percentage (%) Area (ha) Percentage (%) Area (ha) Percentage (%) 

BU 20,406.80 5.61 21,740.79 5.98 28,712.74 7.90 

DA 120,603.03 33.17 97,746.23 26.89 111,279.93 30.61 

PF 71,069.34 19.55 79,610.88 21.90 69,303.66 19.06 

PL 325.26 0.09 0.00 0.00 2,279.36 0.63 

FO 133,565.96 36.74 164,470.57 45.24 128,201.68 35.26 

PO 9,947.28 2.74 0.00 0.00 15,054.33 4.14 

WB 7,650.80 2.10 0.00 0.00 8,736.76 2.40 

Total 363,568.47 100.00 363,568.47 100.00 363,568.47 100.00 

Table 6. Area and percentage of LULC classification results for 2020 using RF, SVM, and CART after correction. After 

correction, FO and DA remain the most dominant land use categories, with all three models showing a slight increase 

in forest area compared to the previous results. While the SVM model now detects trace amounts of PO and WB, it 

still largely struggles to identify these smaller classes. 

Class 
RF SVM CART 

Area (ha) Percentage (%) Area (ha) Percentage (%) Area (ha) Percentage (%) 

BU 13,946.77 3.84 12,669.16 3.48 13,757.42 3.78 

DA 124,394.25 34.21 102,815.31 28.28 125,639.24 34.56 

PF 68,958.15 18.97 75,538.70 20.78 70,851.96 19.49 

PL 310.96 0.09 0.00 0.00 2,248.52 0.62 
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Class 
RF SVM CART 

Area (ha) Percentage (%) Area (ha) Percentage (%) Area (ha) Percentage (%) 

FO 140,817.68 38.73 172,494.77 47.44 144,850.35 39.84 

PO 10,601.85 2.92 33.28 0.01 4,594.93 1.26 

WB 4,538.81 1.25 17.25 0.00 1,626.06 0.45 

Total 363,568.47 100.00 363,568.47 100.00 363,568.47 100.00 

Discussion 

The LULC classification results for 2025 in the Cimanuk watershed indicate that RF has the highest accuracy, 

followed by SVM and CART, with 87.9% (OA) and 83.7% (KC). RF also demonstrates the highest accuracy in 

the 2020 classification results, with 83.6% (OA) and 77.9% (KC). The superior performance of RF compared to 

the other two classifiers aligns with previous research findings [10,20,46]. RF has proven more stable at 

handling complex spatial data by building many decision trees and taking a majority vote. 

Classification with SVM depends on the RBF kernel settings (gamma and cost values), so each classified image 

requires trial-and-error adjustments of gamma and cost to achieve the best classification results. In this study, 

the gamma and cost values from the reference (gamma = 1 and cost = 100) showed the best accuracy results 

from various experiments [18]. However, in 2025 and 2020, the SVM classification result did not include the 

plantation class. These results do not stem from insufficient training data, as the number of training and 

testing samples remained consistent across all classifiers. Instead, this discrepancy likely arises from spectral 

similarity between plantation areas and other vegetation classes, such as forests and dryland agriculture, 

which causes the SVM model to misclassify plantation pixels into these classes. Additionally, hyperparameter 

tuning was not performed in this study, as the SVM parameters (γ = 1 and C = 100) were adopted from 

previous studies reporting high classification accuracy. This indicates the need to tune gamma and cost values 

further to improve SVM classification in the Cimanuk watershed. Riaz et al. [47] stated that tuning the gamma 

and cost parameters in SVM becomes a crucial step involving testing and optimization, as it influences the 

model’s performance. 

The accuracy of CART and SVM decreased significantly in 2020 compared to 2025. Additionally, CART 

achieved slightly higher accuracy than SVM in 2020, whereas SVM outperformed CART in 2025. The 

differences in classification performance between CART and SVM from 2020 to 2025 were not caused by 

differences in the training dataset, as the same number and distribution of training samples were used for 

each LULC class in both years. Instead, the variation is likely related to differences in image quality. Although 

both classifications used Sentinel-2 Level-2A Surface Reflectance Harmonized imagery, the 2025 image 

exhibited clearer visual characteristics and better spectral separability among LULC classes than the 2020 

image. In contrast, the 2020 image contained more noise and lower visual quality, which may have reduced 

classifiers’ ability to separate classes accurately. 

The temporal consistency analysis from 2020 to 2025 reveals that CART has the highest rate of irrational 

transitions (11.97%), followed by RF (4.76%) and SVM (4.52%). This suggests that, although CART's accuracy 

is moderate, it is most susceptible to producing irrational class transitions (e.g., from built-up areas to 

farmland). This is due to CART’s high sensitivity to changes, which causes inconsistent classifications across 

two images [16]. Several dominant transitions identified in this study include: (1) BU changing to PF and DA, 

(2) PO or WB changing to PF and DA, and (3) PF changing directly to FO. 

Temporal consistency correction was carried out by applying a mask to pixels identified as irrational 

transitions. This adjustment effectively improved the overall and Kappa Coefficient for RF, SVM, and CART. 

The accuracy gains highlight that temporal consistency correction is crucial for image classification to prevent 

irrational temporal transitions. Yang et al. [48] observed that several irrational transitions can occur in time-

series classification outcomes, necessitating evaluation before deployment. In this study, after implementing 

temporal consistency correction, RF remained the top classifier with the highest accuracy, achieving 90% (OA) 

and 86.5% (KC), followed by CART (80.9% for OA and 74.2% for KC), and SVM (71.5% for OA and 60.2% for 

KC). The OA values were consistently higher than the Kappa coefficients for RF, SVM, and CART because OA 

measured the proportion of correctly classified samples, whereas the Kappa coefficient accounted for the 

agreement by chance. Consequently, Kappa provides a more conservative estimate of classification 

performance, particularly when class distributions are imbalanced, as is common in LULC datasets. 
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The improvement in OA and Kappa accuracy is particularly notable for the CART classifier because CART 

initially produced the highest proportion of inconsistent or irrational transitions among the three methods. 

The temporal consistency correction effectively reduced these unrealistic transitions by applying logical 

transition rules between 2020 and 2025, which corrected several misclassified pixels. As a result, the CART 

model indicates a larger increase in OA and Kappa than the other classifiers, indicating that the consistency 

correction is especially beneficial for classifiers that tend to produce more fragmented classification patterns. 

Conclusions 

This study compared the accuracy and temporal consistency between RF, SVM, and CART classifiers for LULC 

analysis in the Cimanuk watershed. The findings indicate that while RF achieved the highest classification 

accuracy, SVM demonstrated the highest level of temporal consistency, characterized by the fewest irrational 

transitions. In contrast, CART produced the highest proportion of irrational transitions. The findings further 

highlight the importance of incorporating temporal consistency analysis in LULC studies, which improved the 

accuracy of all classifiers and reduced misclassifications caused by ecologically unrealistic LULC transitions. 

These results provide more reliable LULC information that can support land-use planning, agricultural land 

protection, and disaster risk management in the Cimanuk watershed. The approach proposed in this study 

can also be implemented in other regions to improve the reliability of time-series LULC analysis. Future 

research is recommended to optimize classifier parameters, particularly gamma and cost, and to explore 

additional methods to enhance both classification accuracy and temporal consistency. 
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