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ABSTRACT  ARTICLE INFO 

Accurate and up-to-date spatial information on paddy cultivation is 
essential for ensuring national food security, particularly in agrarian 
countries such as Indonesia. However, conventional mapping 
approaches often fail to capture spatial heterogeneity driven by diverse 
agroecological conditions. This study develops a machine learning–
based paddy mapping framework by integrating multispectral Sentinel-
2 imagery with agroecological variables to improve classification 
accuracy and model transferability. The analysis incorporates spectral 
features and vegetation indices derived from Sentinel-2 data, along with 
environmental variables such as rainfall, elevation, slope, and landform 
characteristics. Support Vector Machine (SVM) and Random Forest (RF) 
classifiers were trained and validated using reference data obtained 
from field surveys and official government records. Model performance 
was evaluated using confusion matrices, overall accuracy, F1-score, and 
the Kappa coefficient. Results show that both RF and SVM achieved 
overall accuracies exceeding 90% when agroecological variables were 
included, with RF consistently outperforming SVM across all evaluation 
metrics. The integration of agroecological data significantly improved 
classification reliability compared to spectral-only approaches, 
particularly in heterogeneous tropical landscapes. The proposed 
framework demonstrates strong potential for scalable, transferable 
agricultural mapping, supporting precision farming, irrigation planning, 
and sustainable food security management. 
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1. INTRODUCTION 

Agriculture is a strategic sector that plays a crucial role in ensuring food security, 
particularly in agrarian countries such as Indonesia, where rice is the primary staple food for 
the majority of the population (Khanal et al., 2020; Klerkx et al., 2019; Singh et al., 2022). One 
of the main commodities in the national food system is paddy, which becomes the main 
material of consumption for the majority of residents (Kadir et al., 2019). Paddy cultivation 
dominates agricultural landscapes and directly influences national food resilience and socio-
economic stability. Therefore, the availability of accurate, up-to-date, and spatially explicit 
information on paddy distribution and extent is essential to support evidence-based 
agricultural planning and policy formulation. However, conventional paddy inventory 
methods rely heavily on field surveys, which are time-consuming, costly, spatially limited, and 
often unable to provide timely information at regional to national scales (Prasetya and 
Danoedoro, 2019; Ridwana et al., 2025; Putra et al., 2018). 

Advances in remote sensing (RS) technology have provided an effective solution for large-
scale agricultural monitoring due to their synoptic coverage, high temporal frequency, and 
consistent data acquisition (Arrafi et al., 2022; Stevens, 2015; Tun, 2022; Zhao et al., 2021). 
Multispectral satellite imagery, particularly from the Sentinel-2 mission, has been widely used 
for paddy mapping owing to its fine spatial resolution (10–20 m), high revisit frequency (5 
days), and the availability of red-edge and near-infrared bands that are highly sensitive to 
vegetation phenology and crop growth stages (Dharma et al., 2022; Song et al., 2021; Veloso, 
2017). Paddy fields exhibit distinctive temporal spectral characteristics during flooding, 
transplanting, vegetative growth, and harvesting phases, which multispectral observations 
can effectively capture. Consequently, multispectral imagery has proven to be highly suitable 
for distinguishing paddy fields from other land cover types in tropical agricultural 
environments (Nguyen, 2020; Ni et al., 2021; Yang et al., 2022). However, the main challenge 
in using satellite images for paddy mapping is the variation in agroecological conditions across 
regions, which affects plant spectral response and reduces mapping accuracy if the 
classification model does not account for local characteristics. 

Paddy mapping using spectral information alone remains challenging, particularly in 
regions with complex agroecological conditions. Variations in topography, irrigation systems 
(irrigated and rainfed), rainfall regimes, and landforms can significantly influence planting 
calendars, crop growth dynamics, and spectral responses of paddy fields (Gumma et al., 2022; 
Murti, 2017). In Indonesia, paddy is cultivated across diverse agroecological zones, ranging 
from lowland irrigated plains to rainfed upland areas with varying slopes, elevations, and 
microclimates. These heterogeneities often reduce classification accuracy when local 
environmental characteristics are not explicitly incorporated into mapping models (Gaznayee, 
2019; Lee et al., 2020). 

Machine learning (ML) approaches have demonstrated strong potential to improve paddy 
mapping accuracy by capturing complex, non-linear relationships between spectral features 
and environmental variables (Ridwana et al., 2022; W. Zhang et al., 2020). Algorithms such as 
Random Forest (RF), Support Vector Machine (SVM), and Deep Neural Network (DNN) have 
been extensively applied in agricultural remote sensing due to their robustness to noise, 
ability to handle high-dimensional data, and superior classification performance compared to 
conventional statistical methods (Ridwana et al., 2024, 2025; L. Wang, Wang, Liu, et al., 2022). 
Image data merging multispectral with variables, such as agroecological factors like rainfall, 
elevation, slope, direction, face slopes, and landforms, can significantly increase model 
performance (Gaznayee, 2019; Lee et al., 2020; Murti, 2017). In particular, RF and SVM have 
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been widely reported as effective and stable classifiers for paddy mapping using multispectral 
imagery, especially in heterogeneous agricultural landscapes (Dang et al., 2021; Noi, 2018; 
Teluguntla et al., 2018; Yang and Li, 2022). 

Recent studies indicate that integrating multispectral imagery with agroecological 
variables—such as rainfall, elevation, slope, aspect, landform, and hydrological conditions—
can significantly enhance paddy classification accuracy by providing contextual information 
related to crop suitability and growth conditions (Gaznayee, 2019; Lee et al., 2020; Murti, 
2017). Agroecological information is particularly important for paddy mapping because rice 
cultivation is highly dependent on water availability, terrain characteristics, and climate 
variability, which directly influence cropping patterns and phenological responses. Despite 
these advances, systematic integration of agroecological data with machine learning-based 
paddy mapping remains limited in Indonesia, especially studies that explicitly evaluate the 
contribution of agroecological variables to model performance and spatial transferability. 

Therefore, this study aims to develop a machine-learning-based paddy mapping 
framework that integrates multispectral satellite imagery and multivariate agroecological 
data. The proposed approach is expected to improve mapping accuracy while enhancing 
model robustness across heterogeneous agroecological zones. Furthermore, by incorporating 
environmentally meaningful variables, this study seeks to improve model transferability to 
other regions with similar agroecological characteristics, offering an efficient and scalable 
solution to support data-driven precision agriculture and sustainable land management 
planning. 
 
2. METHODS 
2.1  Research Location 

The study was implemented in Banjar City, which is located in the eastern part of West 
Java, Indonesia. In general, Geographically, Banjar City is located at 108° 26´ – 108° 40´ East 
Longitude and 07° 19´ – 07° 26´ South Latitude, with the boundaries of the area surrounded 
by the Regency of Ciamis, almost all sides, and the eastern sea bordering the Regency of 
Cilacap, Central Java. The area of Banjar City is 131.97 km², as shown in Figure 1. 

 
Figure 1. Map of Research Locations in Banjar City (Source: Data Processing, 2025) 
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Banjar City was chosen as the location for a study because of its diverse landscape/ relief. 
Based on the Wargi Jabar webgis data owned by the Department of Public Works and Spatial 
Planning, it can be known that a large part of Banjar City consists of plains with fluvial 
landforms, where the middle part of the city is divided by a river, Citanduy. Although the west, 
north, and south are landforms, they are volcanic and partly structural hills. Variation in the 
existing landscape is expected to bring out novelty in the study mapping paddy plants based 
on agroecological data and sensing with machine learning models. 
2.2 Research Materials and Tools 

The data used is Sentinel-2A with a spatial resolution of 10 m. All data are available 
from the beginning to the end of 2023, and a filtered image with free < 20% cloud cover 
is obtained during the paddy planting season from January to December. The data is then 
processed using Google Earth Engine (https://earthengine.google.com/ ). The reflection 
data layer at the lower atmosphere (BOA) level L2A was used. Then, Sentinel-2 data was 
taken, returning to a 10 m resolution with bilinear sampling. Next, the original 60 m 
resolution band and the edge band red were eliminated. Finally, six bands (Band 2, Band 
3, Band 4, Band 8, Band 11, and Band 12) are used in this work. 

The other data used is in a limited administration format.shp The Banjar City was the 
locus of research, and the masking process was carried out on the Sentinel image scene 
and obtained through the Inageoportal of the www.tanahair.indonesia.go.id owned by 
the Information Agency Geospatial. Validation data modelling plant food using image data 
with a higher spatial resolution originating from Google Earth. Validation data prediction 
production using survey data from the field and interviews with farmers and extension 
workers in agriculture. Agroecological data and imagery sensing are used far more in the 
study. This is more evident in Table 1. 

Table 1. Data Matrix 

No Data Type Data source Year Resolution 

1 Satellite Imagery Multispectral Sentinel-2 (COPERNICUS/S2) 2023 10 meters 
2 Rainfall Daily CHIRPS (UCSB-

CHG/CHIRPS/DAILY) 
2023 ~5.6 km 

(~0.05°) 
3 Elevation SRTM (USGS/SRTMGL1_003) 2000 30 meters 
4 Slope Slope Derivative from SRTM data 2000 30 meters 
5 Direction Slope Derivative from SRTM data 2000 30 meters 
6 Landform  Derivative from SRTM data 2000 30 meters 
7 Training and Validation Data 

(Paddy and Non-paddy Labels ) 
Digitization/ visual interpretation 2023 10 meters 

 
2.3 Data Processing and Preparation 

Remote sensing and agroecological datasets require careful processing before analysis due 
to the presence of noise, artefacts, and inconsistencies originating from sensor 
characteristics, atmospheric conditions, and data acquisition geometry. In this study, 
multispectral satellite imagery was preprocessed to ensure data quality and consistency, 
including cloud and cloud-shadow masking, radiometric normalization, and spatial alignment. 
All images were temporally filtered to match the paddy growing season and resampled to a 
common spatial resolution to ensure compatibility among datasets. Spectral bands and 
vegetation indices relevant to crop monitoring were then extracted, while non-agricultural 
and irrelevant areas were masked to reduce noise and improve classification performance. 

 

https://earthengine.google.com/
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Agroecological variables, including rainfall, elevation, slope, aspect, and landform 
information, were processed and standardized to align with the spatial framework of the 
multispectral imagery. Continuous variables were normalized to minimize scale differences 
and reduce model bias, while categorical variables were encoded appropriately for machine 
learning analysis. All datasets were integrated into a unified feature space, allowing each pixel 
to be represented by both spectral and agroecological attributes. This preprocessing strategy 
was designed to preserve meaningful information, reduce redundancy, and enhance the 
ability of machine learning models to capture complex relationships between environmental 
conditions and paddy distribution. 

2.4 Mapping Paddy Method 

First, a visual interpretation of the paddy plant in Banjar City. Second applied extraction on 
the features series Sentinel-2 time with transformation Normalized Difference Vegetation 
Index (NDVI) for the point sample plant food. The reconstruction machine learning consists of 
algorithms such as SVM and RF. Time series NDVI is included in the classifier as optimal 
features, and models are selected by comparing the performance of the results. 

Two machine learning classification algorithms, namely SVM and RF, are used in this study. 
SVM is an algorithm for general linear classification, when make SVM prediction maps data 
through kernel functions and shares data through limit decision (SMOLA and SCHOLKOPF, 
2004). RF is an algorithm consisting of several tree decisions (decision trees), which produce 
results classification ending with the most (Jin et al., 2017; Month, 2017). Stacking is the 
process of entering results from the base model as a feature into another model. Method: 
This produces meaningful models that result from layering. First, it uses input from the second 
layer, and the final layer emits the final result (Menahem, Rokach, and Elovici, 2009). SVM 
and RF classifier parameters can be seen in Table 2. 

Table 2. Description of classifier parameters SVM and RF 

Classifier Parameter Information Value 

SVM 
C 

C is coefficient penalty used For control function 
loss. 

10 

Gamma gamma shows coefficient kernel functions. 0.1 

RF 

n_estimator 
n_estimators show RF capabilities and complexity 

for study from data. 
300 

min_samples_
split 

min_samples_split state minimum number of 
samples required For separate internal nodes. 

2 

min_leaf_sam
ple 

min_samples_leaf show tree minimum sample at 
leaf nodes. 

1 

max_features 
max_features means amount must have features 
under consideration moment find point optimal 

separation. 

sqrt 

Source: (L. Wang, Wang, Zhang, et al., 2022) 

2.5 Method Model Evaluation 

Three metrics, including accuracy, overall F1 score and kappa coefficient, were used in 
this study to evaluate the performance of the machine learning and deep learning 
algorithms (Powers, 2020). All metrics were analyzed using weighted average ( 
https://scikit-learn.org/ ). When the sample is not balanced, no appropriate method is 
used to set the same weight for every class, so the weighted average method is used to 

https://scikit-learn.org/
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set different weights for every class in accordance with the size of each class. The number 
of samples in each class is weighted according to the class. Accuracy overall is the 
proportion of the total predicted classes that are true, whereas the F1 score is the 
harmonic mean of precision and recall, which can highlight the ability to identify 
distribution models of spatial plants. The kappa coefficient shows the balance matrix error 
and is used for testing consistency. 

Accuracy overall =
𝐶𝑃+𝐶𝑁

𝐶𝑃+𝐹𝑃+𝐹𝑁+𝐶𝑁
 

F1 – score = 2 x
𝑃𝑟𝑒𝑠𝑖𝑠𝑖 𝑥 𝑎𝑝𝑝𝑒𝑎𝑟𝑎𝑛𝑐𝑒

𝑃𝑟𝑒𝑠𝑖𝑠𝑖+𝑎𝑝𝑝𝑒𝑎𝑟𝑎𝑛𝑐𝑒
 

Kappa coefficient =
𝑃0−𝑃𝑒

1−𝑃𝑒
 

Positive and negative show whether or not plants, CP, and FP show prediction true and 
false positives, and TN and FN indicate true and false predictions, respectively. The matrix 
confusion is shown in Table 3. Precision level shows the proportion of classified data with 
Correct as a percentage of all data, while the level of withdrawal shows the number of 
samples in the classified class with Correct as a percentage of the class. p0 is the ratio of 
diagonal elements of the matrix of confusion to all elements of the matrix, and pe is the 
ratio of the product amount from the actual and predicted data volume, according to all 
categories, respectively, and the square of the sample size. 

Table 3. Matrix error mapped based on predicted and actual classification 

 Prediction 

Positive Negative 

Current Positive Correct Positive (CP) False Negative (FN) 

 Negative False Positive (FP) Correct Negative (CN) 

Source: (X. Wang et al., 2022) 
Sampling data were collected using a stratified random sampling approach based on 

landform characteristics to ensure representative coverage of the heterogeneous 
agroecological conditions within the study area. The research area was stratified into three 
major landform units fluvial, structural, and volcanic each representing distinct 
geomorphological and biophysical environments that influence paddy cultivation patterns. 
Landform delineation was derived from an integrated analysis of a digital elevation model 
(DEM), slope and curvature derivatives, geological maps, and existing landform classification 
references. These datasets were combined to identify terrain morphology, drainage patterns, 
and geological structures, which were then interpreted to delineate fluvial (riverine and 
alluvial plains), structural (tectonically controlled hills and ridges), and volcanic landforms. 

Based on the delineated landform strata, sampling points were allocated proportionally 
according to the spatial extent of each landform unit. A total of 180 sample points were used 
for model training and validation, consisting of 80 paddy samples distributed across volcanic 
(25 points), fluvial (35 points), and structural landforms (20 points), and 100 non-paddy 
samples representing various non-rice land cover types across the study area (Figure 2). The 
variation in sample size among landform units reflects their relative areal proportions, with 
larger landform areas assigned more samples to adequately capture spatial variability. This 
stratified sampling design ensured balanced representation of landform-driven 
environmental conditions in both model development and accuracy assessment. 
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Figure 2. Distribution map point Banjar City paddy field sample (Data processing, 2025) 

 
The difference in elevation of the research area was also the basis for determining the 

sample points, resulting in diverse samples based on height. The elevation lowest is 10 meters 
above sea level, the average elevation is 36 meters above sea level, and the elevation highest 
is 145 meters above sea level, with the highest 29.7%, while the average slope is between 
3.2% - 3.1%. (Profile elevation point paddy field samples can be seen in Figure 3). 

 

 
Figure 3. Profile elevation point sample ( Data processing, 2024) 
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An overview of the methodological steps used in this study is presented in the research 
flow diagram shown in Figure 4. 

 

Figure 4. Flowchart Study 
3. RESULTS AND DISCUSSION 
3.1 Paddy Mapping 
3.1.1 Support Vector Machine (SVM) Algorithm 

The Support Vector Machine (SVM) algorithm was selected for paddy mapping due to its 
strong capability to construct an optimal separating hyperplane in high-dimensional feature 
space, making it well-suited for classifying non-linear and heterogeneous remote sensing 
data. SVM has been widely applied in agricultural land cover mapping because of its 
robustness in handling limited and unbalanced training samples, as well as its effectiveness in 
capturing complex spectral patterns of vegetation (Dang et al., 2021; Kumar et al., 2017; D. Li 
et al., 2017). In this study, the SVM classifier was used to categorize Sentinel-2 multispectral 
imagery into two classes: paddy and non-paddy areas. 

Figure 5 presents the spatial distribution of paddy fields in Banjar City, West Java, derived 
from SVM-based classification using Sentinel-2 imagery acquired in 2023. Paddy fields are 
shown in green, while non-paddy areas are depicted in white. The resulting map provides a 
comprehensive overview of the spatial extent and distribution of paddy cultivation across the 
city, offering valuable spatial information to support analyses of agricultural productivity, land 
management, and regional planning. Similar applications of Sentinel-2 and SVM for paddy 
mapping have demonstrated reliable spatial representation of rice-growing areas in tropical 
environments (Nguyen, 2020; Zheng et al., 2015). 
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Figure 5. Plant Map Paddy 2023 Using SVM Algorithm of Banjar City, West Java ( Data 

Processing, 2025) 
 

Overall, the spatial pattern of paddy cultivation in Banjar City in 2023 is uneven, with the 
highest concentration located in the central and eastern parts of the city, particularly in 
Pataruman District, including the sub-districts of Muktisari and Bojongkantong. These areas 
correspond to zones of intensive agriculture situated on fluvial landforms, primarily alluvial 
plains. Such landforms are characterized by relatively flat topography, fertile soil textures 
resulting from sediment deposition, and reliable water availability from technical and semi-
technical irrigation systems. These physical conditions are highly favorable for paddy 
cultivation, which requires a continuous and sufficient water supply throughout its growth 
cycle. Previous studies have similarly highlighted the dominance of paddy fields in alluvial and 
irrigated lowland areas due to their optimal geomorphological and hydrological conditions 
(Gumma et al., 2022; Murti, 2018). 

In contrast, the western and southern parts of Banjar City, including Batulawang and 
Karyamukti, exhibit a lower density of paddy fields. These areas are predominantly associated 
with structural and volcanic landforms, which impose greater constraints on paddy 
cultivation. Structural landforms generally feature undulating to hilly terrain, irregular 
drainage patterns, and higher susceptibility to erosion, while volcanic landforms often have 
more permeable soils and limited irrigation infrastructure. These factors reduce water 
retention capacity and make large-scale paddy cultivation less suitable compared to fluvial 
plains. This spatial contrast clearly indicates that landform characteristics play a critical role 
in determining land suitability for paddy agriculture, consistent with findings from previous 
agroecological and geomorphological studies (Gaznayee, 2019; Lee et al., 2020). 

The SVM classifier demonstrated strong capability in identifying paddy cover from 
Sentinel-2 imagery, particularly in homogeneous and flat agricultural areas. The algorithm 
effectively captured vegetation spectral signatures, including those associated with active 
photosynthetic conditions reflected by indices such as the Normalized Difference Vegetation 
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Index (NDVI). The resulting classification shows clear separation between paddy and non-
paddy areas in intensively cultivated zones, confirming the suitability of SVM for paddy 
mapping in complex agricultural landscapes. This finding aligns with earlier studies reporting 
high classification accuracy of SVM in rice mapping using multispectral data (Belgiu, 2018; Ni 
et al., 2021). 

However, limitations were observed in transitional or boundary areas, particularly where 
newly ploughed paddy fields, mixed gardens, and non-paddy vegetation coexist. In such 
areas, spectral similarity between land cover types and fragmented spatial patterns led to 
misclassification. These challenges are more pronounced in undulating terrains and 
heterogeneous landscapes, where paddy fields are small, scattered, and spectrally mixed with 
surrounding vegetation. Similar limitations of SVM in discriminating spectrally similar classes 
in complex environments have also been reported in previous remote sensing-based 
agricultural studies (Khanal et al., 2020; Nguyen, 2020; Xiong et al., 2020). 

From a spatial planning and land management perspective, the paddy distribution map 
generated through SVM classification has substantial potential as a decision-support tool. 
Local governments can use this information to identify priority zones for agricultural 
intensification, optimize irrigation development in fluvial areas, and design adaptive 
agricultural strategies for regions with limited geomorphological suitability. Furthermore, the 
paddy map can serve as a baseline dataset for monitoring agricultural land dynamics in rapidly 
developing urban and peri-urban areas, supporting sustainable land use planning and food 
security policies. 
 
3.1.2 Random Forest (RF) Algorithm 

The Random Forest (RF) algorithm was selected for paddy mapping due to its strong 
capability to handle high-dimensional datasets and its robustness against overfitting through 
ensemble learning based on random sampling and feature selection. RF has been widely 
adopted in agricultural remote sensing because it can effectively model complex, non-linear 
relationships between multispectral features and land cover classes, particularly in 
heterogeneous landscapes (Chen et al., 2021; R. Li, 2021). 

Figure 6 illustrates the spatial distribution of paddy fields in Banjar City, West Java, 
generated from the RF-based classification of Sentinel-2 multispectral imagery acquired in 
2023. In this map, paddy fields are represented in green, while non-paddy areas are shown in 
white. Sentinel-2 imagery provides rich multispectral information, including visible, near-
infrared, red-edge, and shortwave infrared bands, which are highly sensitive to vegetation 
structure, moisture conditions, and crop phenology. These spectral characteristics enable 
effective discrimination between paddy and non-paddy land cover types in tropical 
agricultural environments (HU et al., 2017; WANG et al., 2012; ZHANG et al., 2019). 

The RF classification results indicate that paddy fields are widely distributed across Banjar 
City, with the highest concentrations occurring in the central and eastern parts of the city, 
particularly in Pataruman District. These areas are predominantly associated with fluvial 
landforms, specifically alluvial plains formed through river sedimentation processes. Such 
landforms are characterized by relatively flat topography, fine soil texture, and abundant 
surface water availability, making them highly suitable for irrigated paddy cultivation. Similar 
spatial associations between paddy distribution and fluvial landforms have been reported in 
recent studies, emphasizing the importance of geomorphological and hydrological conditions 
in rice-growing regions (Opitz et al., 2023; Sisheber, 2022; H. Zhang et al., 2021). 

In contrast, the western and southern parts of Banjar City, including Karangpanimba, 
Batulawang, and Karyamukti, are dominated by non-paddy land cover. These areas are 
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primarily associated with structural and volcanic landforms. Structural landforms typically 
exhibit undulating to hilly terrain with uneven natural drainage, while volcanic landforms are 
characterized by steeper slopes and more porous soils. Such conditions limit water retention 
and irrigation efficiency, making them less suitable for extensive paddy cultivation. As a result, 
paddy fields in these areas appear sporadic and fragmented. This pattern is consistent with 
recent agroecological studies highlighting terrain slope, soil permeability, and irrigation 
accessibility as key limiting factors for paddy expansion (Lee et al., 2020; Talaviya et al., 2020). 

 

 
Figure 6. Plant Map Paddy Use RF Algorithm of Banjar City, West Java (Data processing, 

2025) 
 

The Random Forest algorithm demonstrated strong performance in classifying paddy fields 
in areas with high spectral and environmental heterogeneity. By aggregating the results of 
multiple decision trees, RF effectively captured variations in spectral reflectance associated 
with different paddy growth stages and environmental conditions. Vegetation features 
derived from Sentinel-2 imagery, such as the Normalized Difference Vegetation Index (NDVI), 
red-edge bands, and shortwave infrared (SWIR) bands, played a crucial role in distinguishing 
paddy from other vegetation types. Recent studies have similarly reported that RF performs 
well in tropical regions where frequent cloud cover and mixed cropping systems pose 
challenges for crop classification (Todoroff and Kemp, 2016; H. Zhang et al., 2022). 

Compared to Support Vector Machine (SVM), RF showed greater classification consistency 
in areas with mixed vegetation, such as mosaics of paddy fields, gardens, and fallow land. 
Nevertheless, classification challenges remain in transitional zones, particularly along paddy 
field boundaries and in areas dominated by grassland or secondary vegetation with similar 
spectral characteristics. Minor misclassifications in these zones have also been noted in 
recent RF-based rice mapping studies and are commonly attributed to spectral overlap and 
spatial fragmentation (Choudhary et al., 2022; Yang and Li, 2022). 

From a computational perspective, RF requires longer processing time than SVM due to its 
ensemble learning structure. However, the resulting paddy distribution map has high 
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strategic value for land use planning and food security management at the local scale. The 
spatial information generated can support government agencies in identifying priority areas 
for agricultural intensification, planning irrigation network development, protecting 
productive paddy land from urban expansion, and directing less suitable areas toward 
alternative commodities or land and water conservation strategies. Similar policy-relevant 
applications of RF-based crop maps have been highlighted in recent regional-scale agricultural 
studies (Belgiu, 2016; Dong and Xiao, 2016; Noi, 2018). 

 
3.2 Machine Learning Model Evaluation and Comparison 

The performance of the Support Vector Machine (SVM) and Random Forest (RF) classifiers 
was evaluated using independent validation datasets and summarized through confusion 
matrices (Tables 4). Both models were assessed using standard accuracy metrics, including 
Overall Accuracy (OA), Precision, Recall (Sensitivity), F1-score, and the Kappa coefficient, to 
provide a comprehensive comparison of classification performance in mapping paddy and 
non-paddy areas. 

Table 4. Comparison of classification performance between SVM and RF 

Metric SVM RF 

Correct Positive (CP) 38 38 

Correct Negative (CN) 45 46 

False Positive (FP) 5 4 

False Negative (FN) 2 2 

Overall Accuracy (%) 92 93 

Precision (%) 88 90 

Recall / Sensitivity (%) 95 95 

F1-score (%) 91 92 

Kappa Coefficient 0.84 0.86 

 
For the SVM model, the confusion matrix results indicate that 45 non-paddy samples were 

correctly classified as non-paddy (Correct Negative, CN), while 38 paddy samples were 
correctly identified as paddy (Correct Positive, CP). Misclassifications consisted of 5 non-
paddy samples incorrectly classified as paddy (False Positive, FP) and 2 paddy samples 
misclassified as non-paddy (False Negative, FN). Based on these results, the SVM model 
achieved an Overall Accuracy of 92%, a Precision of 88%, a Recall of 95%, an F1-score of 91%, 
and a Kappa coefficient of 0.84. These values indicate strong overall performance, particularly 
in detecting paddy areas, as reflected by the high recall value. 

The RF model showed slightly improved classification performance. The confusion matrix 
indicates that 46 non-paddy samples were correctly classified (CN), and 38 paddy samples 
were correctly identified (CP). The number of False Positives and False Negatives was reduced 
to 4 and 2, respectively. Consequently, the RF classifier achieved an Overall Accuracy of 93%, 
a Precision of 90%, a Recall of 95%, an F1-score of 92%, and a Kappa coefficient of 0.86. The 
higher precision and Kappa values suggest that RF yielded more consistent classification 
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results, particularly in reducing commission errors related to non-paddy areas being 
misclassified as paddy. 

A direct comparison of the two models highlights that both SVM and RF performed well in 
mapping paddy fields using Sentinel-2 multispectral imagery. However, RF consistently 
outperformed SVM across most evaluation metrics, particularly in Overall Accuracy, Precision, 
F1-score, and Kappa coefficient. The identical recall values (95%) indicate that both models 
were equally effective in capturing actual paddy areas, which is critical for accurate estimation 
of paddy extent. The superior performance of RF can be attributed to its ensemble learning 
mechanism, which aggregates multiple decision trees and is more robust to spectral 
heterogeneity and mixed land cover conditions. Similar findings have been reported in recent 
rice-mapping studies, where RF demonstrated higher stability and generalization ability 
compared to SVM in complex tropical agricultural landscapes (Nguyen et al., 2020; Loebel et 
al., 2022; Li et al., 2023). 

Despite the strong performance of both models, minor misclassifications were observed, 
particularly in transitional zones where paddy fields coexist with other vegetation types or 
where spectral characteristics overlap. These limitations are commonly reported in machine 
learning–based crop mapping and highlight the challenges of distinguishing spectrally similar 
land cover classes using single-date imagery (Li et al., 2023). Incorporating multi-temporal 
observations or additional agroecological variables may further improve classification 
accuracy and model robustness. 

Overall, the comparative evaluation demonstrates that both SVM and RF are reliable 
classifiers for paddy mapping at the municipal scale. However, RF shows a slight advantage in 
terms of classification consistency and agreement beyond random chance, making it more 
suitable for operational paddy mapping and decision-support applications. The validated 
classification results provide a robust spatial basis for agricultural planning, irrigation 
management, and food security assessment in Banjar City. 
 
4. CONCLUSIONS 

This study demonstrates that integrating multispectral Sentinel-2 imagery with 
agroecological variables significantly improves the spatial accuracy of paddy mapping. The 
incorporation of environmental context, including landforms and related biophysical factors, 
enhances machine learning models’ ability to capture the complex spatial and spectral 
characteristics of paddy fields in tropical agricultural landscapes. Both Support Vector 
Machine (SVM) and Random Forest (RF) algorithms achieved high classification performance, 
with overall accuracy exceeding 90%, confirming their effectiveness for paddy identification 
at the municipal scale. 

Comparative evaluation shows that Random Forest slightly outperformed Support Vector 
Machine across overall accuracy, precision, F1-score, and Kappa coefficient, while both 
models achieved equally high recall in detecting paddy areas. These findings highlight the 
robustness of ensemble-based approaches in handling spectral heterogeneity and mixed land 
cover conditions commonly found in tropical regions. More importantly, the results 
emphasize the critical role of integrating agroecological information into machine learning 
frameworks, rather than relying solely on spectral features. 

The proposed spatial–contextual paddy mapping framework provides a scalable and 
transferable approach that can be applied to other regions with similar agroecological 
characteristics. This approach has practical implications for supporting data-driven 
agricultural planning, irrigation management, and food security assessment. Future work 
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should explore the use of multi-temporal imagery and additional environmental variables 
further to enhance model robustness and applicability across diverse agroecological zones. 

 
5. RECOMMENDATIONS 

To support evidence-based decision-making in the agricultural sector, it is recommended 
that national and regional agricultural and food planning agencies adopt integrative 
approaches combining remote sensing and machine learning. The results of this study 
demonstrate that such approaches can provide timely, accurate, and spatially explicit 
information on paddy distribution, which is essential for effective agricultural management 
and policy formulation. 

The development of cloud-based precision agriculture monitoring systems, such as Google 
Earth Engine, should be further expanded by explicitly incorporating agroecological variability 
and local environmental conditions. Accounting for spatial heterogeneity in landform, 
hydrology, and climate can enhance model reliability and applicability across diverse 
agricultural regions. In addition, future research should evaluate the performance of the 
proposed mapping framework under extreme environmental conditions, such as prolonged 
droughts or flood events, to improve its robustness and support climate change adaptation 
strategies in agricultural planning. 
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