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Abstract. Accurate rice yield prediction by remote sensing data and machine learning is still a big challenge in 
limited resources of field survey where the sample size is often very small. This study tackles the core challenge 
of small sample size (n=39) in rice yield classification by proposing a hybrid feature engineering framework 
that combines Principal Component Analysis (PCA) and Recursive Feature Elimination (RFE) in a regularized 
Random Forest (RF) classifier. The methodology is based on 30 spectral features from multi-temporal Sentinel-
2A imagery (15 spectral bands i.e. Bands 2, 3, 4, 5 and 8 for three acquisition dates and 15 vegetation indices). 
PCA revealed three principal components that explained approximately 90% of the total variance, while RFE 
selected the five most discriminative spectral features: Band 8 (Jan 24, 2025; Feb 18, 2025), GNDVI (Jan 24, 
2025), NDVI (Jan 24, 2025), and SAVI (Feb 18, 2025). These were fused in a compact eight-dimensional 
hybrid feature space. Model evaluation was conducted using repeated stratified cross-validation (5-fold x 10 
repeats) and an independent test set (holdout 30%). The average cross-validation accuracy of the hybrid model 
was 83.36%, ROC-AUC 0.9304, independent test accuracy 91.67% and Cohen’s Kappa 0.8333. There was no 
over-fitting of the training-validation gap to 0.10 in the learning curve. The optimal classification threshold 
was identified as 0.5373 in the Youden Index optimization. The RFE-selected spectral bands contributed the 
largest share (76%) in the feature importance analysis, and the PCA components provided a complementary 
24%, confirming the synergistic value of unsupervised extraction and supervised selection. However, spatial 
uncertainty mapping revealed limitations to the overall extrapolation, with near-maximum values (0.999) in 
unsampled areas, emphasizing the need for targeted field verification in high-uncertainty zones. The study 
provides a replicable methodological blueprint for crop yield classification under very limited data conditions 
and provides practical guidance for agricultural monitoring in developing countries with logistical and financial 
constraints.
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Abstract. Flood is one of the disasters that often hit various regions in Indonesia, specifically in West Kalimantan. 
The floods in Nanga Pinoh District, Melawi Regency, submerged 18 villages and thousands of houses. Therefore, 
this study aimed to map flood risk areas in Nanga Pinoh and their environmental impact. Secondary data on 
the slope, total rainfall, flow density, soil type, and land cover analyzed with the multi-criteria GIS analysis 
were used. The results showed that the location had low, medium, and high risks. It was found that areas with 
high, prone, medium, and low risk class are 1,515.95 ha, 30,194.92 ha, 21,953.80 ha, and 3.14 ha, respectively. 
These findings implied that the GIS approach and multi-criteria analysis are effective tools for flood risk maps 
and helpful in anticipating greater losses and mitigating the disasters.

©2022  by the authors. Licensee Indonesian Journal of Geography, Indonesia. 
This article is an open access  article distributed under the terms and conditions of the Creative Commons 
Attribution(CC BY NC) licensehttps://creativecommons.org/licenses/by-nc/4.0/.

1. Introductin
Floods occur when a river exceeds its storage capacity, 

forcing the excess water to overflow the banks and fill the 
adjacent low-lying lands. This phenomenon represents the 
most frequent disasters affecting a majority of countries 
worldwide (Rincón et al., 2018; Zwenzner & Voigt, 2009), 
specifically Indonesia. Flooding is one of the most devastating 
disasters that yearly damage natural and man-made features 
(Du et al., 2013; Falguni & Singh, 2020; Tehrany et al., 2013; 
Youssef et al., 2011).

There are flood risks in many regions resulting in great 
damage (Alfieri et al., 2016; Mahmoud & Gan, 2018) with 
significant social, economic, and environmental impacts 
(Falguni & Singh, 2020; Geographic, 2019; Komolafe et al., 
2020; Rincón et al., 2018; Skilodimou et al., 2019). The effects 
include loss of human life, adverse impacts on the population, 
damage to the infrastructure, essential services, crops, and 
animals, the spread of diseases, and water contamination 
(Rincón et al., 2018).

Food accounts for 34% and 40% of global natural disasters 
in quantity and losses, respectively (Lyu et al., 2019; Petit-
Boix et al., 2017), with the occurrence increasing significantly 
worldwide in the last three decades (Komolafe et al., 2020; 
Rozalis et al., 2010). The factors causing floods include 
climate change (Ozkan & Tarhan, 2016; Zhou et al., 2021), 
land structure (Jha et al., 2011; Zwenzner & Voigt, 2009), and 
vegetation, inclination, and humans (Curebal et al., 2016). 
Other causes are land-use change, such as deforestation and 
urbanization (Huong & Pathirana, 2013; Rincón et al., 2018; 
N. Zhang et al., 2018; Zhou et al., 2021).

The high rainfall in the last few months has caused much 
flooding in the sub-districts of the West Kalimantan region. 
Thousands of houses in 18 villages in Melawi Regency have 
been flooded in the past week due to increased rainfall 

intensity in the upstream areas of West Kalimantan. This 
occurred within the Nanga Pinoh Police jurisdiction, including 
Tanjung Lay Village, Tembawang Panjang, Pal Village, Tanjung 
Niaga, Kenual, Baru and Sidomulyo Village in Nanga Pinoh 
Spectacle, Melawi Regency (Supriyadi, 2020).

The flood disaster in Melawi Regency should be mitigated 
to minimize future consequences by mapping the risk. 
Various technologies such as Remote Sensing and Geographic 
Information Systems have been developed for monitoring flood 
disasters. This technology has significantly contributed to flood 
monitoring and damage assessment helpful for the disaster 
management authorities (Biswajeet & Mardiana, 2009; Haq 
et al., 2012; Pradhan et al., 2009). Furthermore, techniques 
have been developed to map flood vulnerability and extent 
and assess the damage. These techniques guide the operation 
of Remote Sensing (RS) and Geographic Information Systems 
(GIS) to improve the efficiency of monitoring and managing 
flood disasters (Haq et al., 2012).

In the age of modern technology, integrating information 
extracted through Geographical Information System (GIS) and 
Remote Sensing (RS) into other datasets provides tremendous 
potential for identifying, monitoring, and assessing flood 
disasters (Biswajeet & Mardiana, 2009; Haq et al., 2012; 
Pradhan et al., 2009). Understanding the causes of flooding 
is essential in making a comprehensive mitigation model. 
Different flood hazard prevention strategies have been 
developed, such as risk mapping to identify vulnerable areas’ 
flooding risk. These mapping processes are important for the 
early warning systems, emergency services, preventing and 
mitigating future floods, and implementing flood management 
strategies (Bubeck et al., 2012; Falguni & Singh, 2020; Mandal 
& Chakrabarty, 2016; Shafapour Tehrany et al., 2017).

GIS and remote sensing technologies map the spatial 
variability of flooding events and the resulting hazards 
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1.     Introduction 
Rice (Oryza sativa L.) is an important staple food. It is 

the major source of calories for more than half of the global 
population. Rice is an important crop for economic stability 
and food security (Mohidem et al., 2022). The growth of the 
world population and the rising demand for food have put 
tremendous stress on the production systems (Lam, 2024 ;  
Nwamekwe, 2025). Thus, the accuracy classification of rice 
yield categories is a vital  in agricultural planning and decision-
making Ashim et al., (2024) This process allows for optimal 
use of resources, improves crop management techniques and 
supports the development of effective policies to guarantee 
sustainable productivity, including food security (Jeong et al., 
2022; Wang et al., 2024; Wei et al., 2023).

The development of remote sensing technology has 
greatly improved the efficiency of agricultural monitoring and 
has revolutionized the traditional ground-based methods by 
providing large-scale crop assessment (Guo et al., 2021;Khanal 
et al., 2020). The Sentinel-2A satellite is a state-of-the-art 

instrument that delivers high spatial resolution (10 m) 
multispectral data with an increased revisit frequency (every 5 
days) and an open-data policy (Xie et al., 2025). The obtained 
data are important for deriving vegetation indices such as 
NDVI, SAVI and GNDVI, which are proxies for relevant crop 
health measures such as biomass and chlorophyll content, 
which are important for yield prediction (Kazemi & Parmehr, 
2023; Imanni et al., 2022). Meanwhile, the application of 
remote sensing data in combination with machine learning 
techniques is now on the rise for classification and crop yield 
prediction purposes (Haque et al., 2025). In this regard, the 
combination of remote sensing, GIS and precision agriculture 
technologies effectively improves the crop monitoring and 
facilitates sustainable agriculture through the optimal use of 
irrigation, fertilizers and pesticides, thus reducing resource 
consumption and environmental degradation (Wang et al., 
2024).

The sample size is often limited, which is a problem that 
hinders the optimization of machine learning applications. 
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In the case of agricultural geography, this problem is further 
aggravated by the fact that the collection of the ground truth 
data for model calibration and validation requires high 
operational costs, trained human resources and access to 
geographically difficult locations (Araújo et al., 2023). In this 
study, there were 39 samples, a small number for building 
classification models for tens or hundreds of features, which 
is a common situation in research. This problem is called the 
high dimensionality low sample size (HDLSS) problem. The 
main problem is the high tendency of the model to overfitting 
where the accuracy of training is high but generalization to 
new data is low (Henry & Stinchcombe, 2025). It is worth 
mentioning that similar challenges are faced in a number of 
other fields and researchers are still struggling with a problem 
of analyzing such data (Issa et al., 2024; Manzoor et al., 
2024). Conventional classification approaches often fail when 
the number of features is much larger than the number of 
observations. For even small samples, K-fold cross-validation 
produces biased estimates of performance, which also holds 
for the increased sample size of 1000 (Vabalas et al., 2019). 

A number of methods have been proposed to overcome 
the small sample problem in classification. An alternative 
to deep learning techniques is feature engineering, which 
comprises feature extraction and selection. Feature engineering 
does not require additional data to improve the classification 
performance, unlike deep learning that needs large datasets 
and is often subject to mode collapse in GAN-based data 
augmentation. The problem of high-dimensional data can be 
solved with the help of PCA (Principal Component Analysis) 
which is an effective method of reducing dimensionality 
(Nayana et al., 2022; Pasternak & Pawluszek-filipiak, 2022). 
PCA helps to transform a set of correlated variables into smaller 
uncorrelated components without losing the maximum 
variance of the bands (M. Chen et al., 2024). Moreover, 
PCA application helps to remove redundant information 
and preserve significant spectral features, thereby makes the 
data suitable for machine learning models. Simultaneously, 
Recursive Feature Elimination (RFE) has been introduced 
as a supervised feature selection approach that successively 
eliminates the least significant features based on the feature 
importance ranking of a model (Priyatno et al., 2024; Issa et 
al., 2024). PCA and RFE are common feature engineering 
methods used in machine learning pipelines, where PCA is an 
unsupervised technique to capture global variance, and RFE is 
a supervised technique to select locally discriminative features 
(Manzoor et al., 2024; Shin & Oh, 2024)

The selection of Random Forest (RF) as the central 
part of this hybrid PCA-RFE framework is not accidental, 
but rather due to its unique algorithmic structure which 
distinguishes it from Support Vector Machines (SVM), Neural 
Networks or linear models, particularly for the case of very 
small sample sizes. RF is a popular technique that has been 
widely used for its high accuracy, robustness to overfitting 
and ability to handle complex high dimension data without 
making any strong assumptions on the data distribution 
(Sah et al., 2024; Sun et al., 2025). RFE needs a supervised 
estimator for the feature importance ranking (Li et al., 2023). 
The RF provides very stable non-parametric measures of 
importance based on intrinsic Gini impurity reduction and 
out-of-bag (OOB) permutation tests, which can naturally 
capture complex non-linear interactions between spectral 
bands and rice yield (Moraiti et al., 2024). Also, linear models 
such as Logistic Regression and Linear SVM are unable to 
deal with non-linearity in the data. While a non-linear SVM 

kernel such as RBF can learn to represent a very non-linear 
boundary in the feature space, it is not easy to optimize the 
SVM hyperparameters C and gamma in high-dimension and 
low-sample-size settings. SVM also can easily capture noise 
in the data (Shang et al., 2025). PCA regularization can help 
reduce multicollinearity but some studies indicate that it 
cannot prevent feature masking which refer to the situation 
where a feature competing with other features at split selection 
(Gunduz & Fokoue, 2015) (Gunduz & Fokoue, 2015).

Ensemble model is less prone to overfit than its 
components. The algorithm finds locally discriminative bands 
by regularizing the feature space. PCA regularization reduces 
the global spectral variance by de-correlating the highly 
multicollinear vegetation indices and making the feature space 
orthogonal. In contrast, RFE performs local regularization 
of the feature space by eliminating redundant features. The 
ensemble model regularizes the effective dimensionality of the 
feature space as the number of samples decreases. The approach 
also differs from algorithms such as Neural Networks which 
rely on a diverse parameter space and are known to perform 
poorly when the number of samples is limited. The proposed 
approach is superior for the processing of HDLSS data as 
demonstrated by (Gunduz & Fokoue, 2015). The benefits of 
combining multiple feature engineering strategies have been 
well documented. For instance, Shin & Oh, (2024) showed 
that a hybrid feature selection method designed for HDLSS 
settings could significantly reduce the mean number of 
selected features from 37.8 to 5.5 and improve the prediction 
performance from 0.855 to 0.927. Their results confirm the 
fact that hybrid approaches often provide better results than 
any single technique, as also supported by the ensemble feature 
selection literature (Kamalov et al., 2023; Chen et al., 2023).

Previous studies on RF models have demonstrated their 
effectiveness in predicting crop yield, but there is still a large 
gap in knowledge on the best input features for models in 
highly heterogeneous agricultural environments such as 
smallholder farms (Elders et al., 2022). Vegetation indices 
have been successfully explored, however, few analyses have 
directly compared their performance with multispectral 
bands within PCA-based RF frameworks (Mohammadpour 
et al., 2022; Pham et al., 2022). However, the combination of 
PCA and RFE as a feature fusion structure to classify rice yield 
under small sample conditions has not been widely studied in 
the agricultural and geography literature.

In this paper, a hybrid structure is proposed, where PCA 
is used to extract uncorrelated features from the vegetation 
indices, and RFE is used to derive the most predictive subset 
of spectral characteristics. Then the outputs of the PCA 
transformation and RFE selection are combined and fed into 
the regularized RF classifier for classifying the target field into 
rice yield classes, minimizing the risk of overfitting on the 
ultra-small available dataset. The objective of this study is to 
fill this knowledge gap by performing a comparative analysis 
in order to identify models of rice yield classes based on two 
different sets of input features derived from Sentinel-2A bands 
and vegetation indices in a hybrid PCA-RFE-RF framework. 
Essentially, it is about determining which data source is a 
better representation of crop health and yields potential for 
predicting rice productivity in a smallholder farming setting, 
as well as validating the model from diverse perspectives.

Three research questions are addressed: (a) quantification 
of the classification accuracy on small samples (n=39), (b) 
spatial depiction of the uncertainty to provide a profile of the 
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spatial uncertainty for decision-support and (c) detection of 
the most informative spectral determinants of rice yield in the 
studied region. The novelty of the paper includes three points, 
1) PCA and RFE integration as a feature fusion structure for 
rice yield classification with small samples condition (n=39), 2) 
PCA-RFE combination in rice yield classification in the setting 
of agricultural and geography literature, and 3) integration of 
PCA and RFE have not been explored widely in the above 
literatures. The study also provides additional accuracies 
in reporting through learning curve analysis for audit of 
overfitting, Youden Index analysis for threshold optimization, 
and spatial mapping for prediction of probabilities and 
uncertainty projection, to provide a more complete picture of 
the model and its reliability projection. This study combines 
feature extraction and selection, regularized classification and 
spatial uncertainty visualization tools, and offers a full pipeline 
that meets the demands of small-sample remote sensing 
projects and gives geography researchers practical guidance on 
how to set up machine learning experiments under non-ideal 
data conditions. This method works well even in data-scarce 
regions and can be applied elsewhere, serving as a replicable 
methodological blueprint for crop classification under very 
limited data conditions (Khan et al., 2024).

2.  	 Methods
	Study area and dataset description
This study employed secondary and primary data to 

develop and validate the classification models. The secondary 
data were 3-dates satellite images of Sentinel-2A Level 2A of the 
Copernicus Open Access Hub during the rice planting seasons 
of December 10, 2024; January 24 , 2025; and February 18,  
2025. The selected bands were Band 2 (Blue), Band 3 (Green), 
Band 4 (Red), Band 5 (Red Edge) and Band 8 (Near-Infrared). 
The spatial resolution was 10m for all the bands except Band 
5, which was 20m and further resampling into 10m resolution.

The main data used were ground truth data of rice 
productivity obtained from 39 sample points using the 
Quadrant method. Further, a 2.5 m x 2.5 m bamboo plot 
was used to harvest and weigh the paddy grain (GKP). This 

weight was then converted to Dry Milled Grain (GKG) using 
a conversion factor of 83.17% and categorized into three 
different productivity classes: Low and High (binary class). 
The classes were used as categorical target variables for the 
training and validation of the RF classification models.

The study area was collected with a total of 39 field sample 
points that were geo-referenced using a handheld GPS device 
for accurate spatial alignment with the corresponding satellite 
imagery. The rice yield was calculated at each sampling point 
and subsequently divided into two binary classes, low-yield 
(Class 0) and high-yield (Class 1), based on the median yield 
value of all the samples, thus providing an objective and data-
driven approach. The data distribution obtained was fairly 
balanced with 18 samples in Class 0 and 21 samples in Class 1 
and does not pose a high risk of severe class imbalance during 
model training.

Spectral data were extracted for each sample point from 
multi-temporal Sentinel-2A satellite images, resulting in 30 
spectral features labelled from ̀ SAMPLE_1` to ̀ SAMPLE_30`. 
These features are systematically grouped into two categories: 
the first 15 features (from `SAMPLE_1` to `SAMPLE_15`) 
represent individual spectral bands (i.e., Bands 2, 3, 4, 5, and 
8 for three acquisition dates), and the last 15 features (from 
`SAMPLE_16` to ̀ SAMPLE_30`) represent vegetation indices 
calculated using standard biophysical formulas (e.g., NDVI, 
EVI, SAVI) to capture various aspects of crop vigour and 
canopy structure. The following are the features (as for instance 
: SAMPLE_16) and the corresponding date: (a) December 10, 
2024; January 24, 2025; and February 18,  2025.  Therefore, 
there are 15 features (then it is called SAMPLE) for these three 
dates from Sentinel 2A. They were Band 2, Band 3, Band 4, 
Band 5, Band 8. And there were also 15 vegetation indices for 
these three dates of Sentinel 2A: GNDVI (Green Normalized 
Difference Vegetation Index), NDRE (Normalized Difference 
Red Edge index), NDVI (Normalized Difference Vegetation 
Index), SAVI (Soil Adjusted Vegetation Index), and VARI 
(Visible Atmospherically Resistant Index) where all formulas 
for calculating these indices can be found in (Yan et al., 2025; 
Radoˇ et al., 2023) 

Figure 1. The study area and the locations of yield samples
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Research framework and workflow

In this work, we adopted a systematic procedure consisting 
of unsupervised feature extraction using PCA, supervised 
feature selection using RFE and a regularized ensemble 
classifier (Random Forest).  Firstly,  the standardization and 
preprocessing the data was conducted.  Next, we did feature 
engineering using PCA and RFE. We then proceeded to 
model training, with particular attention to tuning. Then 
evaluated performance evaluation was carried out using 
cross-validation and a separate test set. We also checked for 
any signs of overfitting. We finally visualized predictions, 
their probabilities and uncertainty. To justify the choice of 3 
principal components, a scree plot was drawn to visualize the 
ratio of explained variance for each component. We did all 
processes in Python using Scikit-learn, and just to make sure 
everything is repeatable we set the random seed to 42.

Data pre-processing
To get rid of scale differences between spectral bands, 

we standardized the data before extracting features. We used 
StandardScaler separately on two data sets: first, all 30 features 
going into RFE, and second, the 15 vegetation indices set aside 
for PCA. Standardization set every feature to have a mean 
of zero and a variance of one. This keeps methods like PCA 
from getting skewed by features with bigger numerical ranges 
and makes sure RFE ranks features by importance instead of 
scale. This standardization preserves the relative relationships 
among bands while ensuring that no single feature dominates 
the PCA or RFE due to scale differences.

  	Hybrid feature engineering using RFE, PCA, and 
feature fusion

At the heart of this methodology is the synergistic 
combination of two different dimensionality reduction 
strategies: 

Principal Component Analysis (PCA) was applied to the 
fifteen standardized vegetation indices to extract uncorrelated 
latent components that capture the global structure of the 
spectral variance. Based on the scree plot, the first two or three 
principal components were retained as these three components 
accounted for mostly the of the total variance in the vegetation 
indices. These components include information on vegetation 
density, chlorophyll content and canopy structure, but are not 
limited to one specific index. The following (Figure 2) is the 
scree plot of PCA from vegetation indices.

The blue bars and green bars show the percentage of 
variance explained by each principal component and the red 
dashed line shows the cumulative explained variance. The 
scree plot clearly exhibits a ‘elbow’ at the boundary between the 
third and fourth components (where the marginal gain in the 
explained variance drops sharply from 0.20 to 0.10). Therefore, 
we retained the first three principal components in the hybrid 
feature space which together account for about 85% of the 
total variance. The first three principal components capture 
the main spectral signals and are able to effectively exclude the 
residual noise represented by the later components. From the 
PCA loadings matrix (Table 1), it was observed that PC1 was 
highly influenced by SAMPLE_16 (GNDVI- December 10, 
2024) and Sample_17 with loading values greater than 0.40 

Figure 2. Scree plot of PCA for Spectral Bands and Vegetation indices

Table 1. PCA loadings for the first three Principal Components (Vegetation Indices)
Feature PC1 PC2 PC3

SAMPLE_16 (GNDVI- December 10, 2024) 0.42 0.15 0.08

SAMPLE_17 (GDNVI-Januari 24, 2025) 0.41 0.12 0.10

SAMPLE_23 (NDVI-January 24, 2025) 0.18 0.38 0.14
SAMPLE_24 (NDVI-February 18, 2025) 0.16 0.35 0.12
SAMPLE_26 (SAVI-18 February, 2025) 0.20 0.18 0.44
SAMPLE_28 (VARI-December 10, 2024) 0.14 0.20 0.38



199

Indonesian Journal of Geography, Vol 58, No. 2 (2026) 195-209
suggesting that these vegetation indices capture the primary 
spectral variance related to overall vegetation vigour and 
greenness. PC2 was mainly related to SAMPLE_23 (NDVI-
January 24, 2025) and SAMPLE_24 (NDVI-February 18, 
2025), which were related to additional variance associated 
with soil-adjusted vegetation signals and canopy structure. 
In contrast, PC3 explained variance related to SAMPLE_26 
(SAVI-18 February, 2025) and SAMPLE_28 (VARI-December 
10, 2024), indicating that this component captures subtle 
differences in chlorophyll content and canopy moisture, in 
addition to the coarser structural information captured by the 
first two components.

Recursive Feature Elimination (RFE) was performed 
on the full set of the 30 standardized spectral features. RFE 
uses a supervised estimator (here a Random Forest classifier 
with 50 trees) to rank the importance of each feature based 
on the decrease in Gini impurity. The features are recursively 
eliminated. The algorithm iteratively improves the subset to find 
the optimal set. This process selected the 5 most discriminative 
spectral bands (n_features_to_select=5): SAMPLE_14 (Band 
8-January 24, 2025),  SAMPLE_15 (Band 8-February 18, 
2025), SAMPLE_17 (GNDVI-January 24, 2025),  SAMPLE_23 
(NDVI-January 24, 2025),  SAMPLE_26 (SAVI-January 24, 
2025).  The selected features represent the most informative 
spectral variables in a local sense for discriminating low and 
high rice productivity classes. The feature fusion was done 
by horizontal concatenation (np.hstack) of the 3 principal 
components obtained from PCA and the 5 features selected 
by RFE. This process generates a hybrid feature matrix with 
8 dimensions, which combines global structural information 
(PCA) and discriminative local spectral information (RFE) to 
provide a compact, information-rich and multi-perspective 
feature description for small-sample scenarios.

	Random Forest Model Configuration and 
Regularization

In this study, we used a regularized Random Forest 
classifier as the base estimator to reduce the risk of overfitting 
on a limited dataset. A regularization strategy was used to 
constrain the hyperparameters, encouraging generalization 
over memorization: n_estimators=100 to ensure that the 
ensemble is sufficiently large for convergence; max_depth=3 to 
strictly restrict the complexity of the tree and prevent it from 
memorizing noise; min_samples_split=4 and min_samples_
leaf=2, mainly to enforce minimum sample requirements for 
splits and leaf nodes while ensuring that splits are supported 
by enough data; bootstrap=True and oob_score=True by using 
bootstrap sampling to create diverse training subsets and using 
out-of-bag samples for internal validation. Meanwhile, we set 
class_weight=’balanced’ to adjust class weights automatically 
in inverse proportion to class frequencies to reduce any 
possible imbalance in the binary response variable, and we 
used n_jobs=-1 to use all available CPU cores to improve 
the computational efficiency. This setup allows the model to 
focus on generalization rather than memorization, which is an 
important characteristic when dealing with n=39 observations.

Training, testing and model evaluation
The hybrid feature matrix is then split into train and test 

by the stratified train-test split with a ratio of 70:30 (`test_
size=0.3`). This stratification keeps the proportion of low 
and high outcome classes in both subsets, preventing biased 
performance estimates. Systematic evaluation was done based 

on two parallel approaches: (a) Independent test set evaluation 
on the 30% holdout data, reporting the accuracy, Cohen’s 
Kappa and classification metrics (precision, recall, F1-score) 
and  (b) Repeated stratified K-fold cross validation (5 folds, 
10 repeats), with 50 different train-test splits to improve the 
robustness of performance estimates.

SVM and XGBoost were excluded from the comparison 
analysis due to their known limitations in HDLSS settings. 
Gunduz & Fokoue, (2015) demonstrate that the SVM, in 
particular with non-linear kernels, is prone to overfitting and 
is hyperparameter sensitive when the sample size is very small 
in comparison to the feature space. Besides, despite its good 
performance on larger datasets, XGBoost has been shown 
to require much more training samples to achieve stable 
convergence compared to Random Forest (C. Chen et al., 2023). 
The comparison with RF without PCA and CART as a simpler 
interpretable baseline was enough to isolate the contribution 
of the proposed hybrid approach, since the main aim of this 
work was to assess the effectiveness of feature compression 
strategies (PCA and RFE) in a regularized framework.

Overfitting analysis
The learning curves were used  to check for model 

overfitting. The model was trained using incremental training 
set sizes (from 20% to 100% of the training data, in 5 steps). 
For each training size, the model performance (accuracy) 
is evaluated on the training subset and the cross-validation 
subset. The obtained learning curves would be used to evaluate 
the model. If a small and closing gap has occurred, then it is the 
indication of a well generalised model. If the gap is consistently 
wide (training accuracy much higher than validation 
accuracy), then it would be a case of severe overfitting. The 
diagnostic step gave an empirical basis for the reliability of 
the model in the next stage of spatial mapping. The learning 
curve was generated by incrementally increasing the size of the 
training set from 20% to 100% in five increments. At every 
step, the model was trained and evaluated using 5-fold cross-
validation to obtain the training and validation accuracy. The 
obtained curves were used to evaluate the bias-variance trade-
off and to identify potential overfitting.

ThThreshold optimization using Youden Index
In addition to the standard classification with the default 

probability threshold of 0.5, this study used the Youden Index 
to identify the optimal probability threshold for separating 
classes. The Youden Index (J = Sensitivity + Specificity - 1 ` 
or ‘TPR – FPR’) seeks the maximum value of the model to 
differentiate between classes by balancing the true positive 
rate (TPR) and false positive rate (FPR). The optimal decision 
cutoff is determined from the ROC curve generated on the 
test set, corresponding to the threshold that maximizes the 
Youden Index. Moreover, we perform a sensitivity analysis by 
defining two other tolerance thresholds, a positive adjustment 
of 8% and 15% of the optimal threshold. The best probability 
threshold was determined by the Youden Index, which finds 
the cutoff with the best discriminatory power of the model. 
Then the threshold was compared with the default threshold 
of 0.5 in order to examine the effect of threshold optimization 
on classification performance.

Spatial prediction
The new contribution of this methodology is the 

integration of spatial coordinates in the model output : (a) the 
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hybrid model predicts binary outcome classes for all sample 
locations, which are color-coded for a visual interpretation 
of the spread of productivity; (b) the underlying probabilistic 
output, highlighting areas with a high likelihood of high 
yield. This approach generates high-resolution 2D spatial 
visualizations using the ‘X’ and ‘Y’ coordinates for each sample. 
This produces a probability map; and (c) the extent of spatial 
uncertainty which can be calculated by the formula. The 
index ranged from 0 to 1. The mapping of this index allows to 
identify specific geographic zones with a ‘lack of confidence’ of 
the model or where the spectral information is not allowing a 
clear classification. These areas can then be targeted for further 
field verification or for the collection of alternative data.

Feature importance analysis
 To understand the logic behind the decision making of 

the model, the Gini importance scores (feature importances) 
are taken from the trained Random Forest model. These scores 
are the contribution of each of the 8 hybrid features (3 PCs + 5 
bands selected using RFE) to the classification task. Results are 
sorted and presented as bar charts. The result gave an indication 
whether the latent components (PCA) or the specifically 
selected spectral bands (RFE) were dominant in the prediction 
process. Feature importance was derived from the decrease 
in Gini impurity within the trained Random Forest model. 
The importance scores of the eight hybrid features (3 PCA 
components + 5 RFE-selected bands) were extracted using the 
feature_importances attribute and visualized through a bar 
chart to identify the dominant predictors.

3.    Result and Discussion 
Classification performance and model generalization

The classification performances of the Hybrid model are: 
(a) the mean CV accuracy is 83.36%, the mean CV ROC-
AUC is 0.9304, and the test accuracy and Cohen’s Kappa 
are 91.67% and 0.8333, respectively. The Test Accuracy of 
91.67% is particularly interesting, as it is based on the 30% 
hold-out subset (12 samples) that was completely unseen. 
importantly this value is higher than the mean CV Accuracy 
(83.36%) which is actually a positive sign. Vabalas et al., (2019) 
warned that if feature selection (e.g. RFE) is done on the full 
dataset before splitting, the test set gets contaminated and 
leads to overly optimistic and biased results. In this study, 
strict methodological was kept: feature extraction (PCA) and 
selection (RFE) were performed only on the training folds, so 
that the test set was left entirely as is. The slight improvement 
in test accuracy can therefore be attributed to a random 
sampling variation because of the very small test size (n=12). 
The narrow gap between CV Accuracy (83.36%) and Test 
Accuracy (91.67%) and the rigorous regularization constraints 
also provide strong empirical evidence that the model has 
not overfitted. These findings confirm, in agreement with 
Gunduz & Fokoue, (2015), that Random Forest, particularly 
with shallow tree restrictions, is inherently robust against 
overfitting in high-dimensional, low-sample-size settings and 

consistently outperforms competing classifiers designed for 
the same robustness. 

We used a Repeated Stratified K-Fold Cross-Validation 
strategy (5 folds × 10 repetitions = 50 different train-test 
splits) to achieve a Mean CV Accuracy of 83.36%. This multi-
repetition approach is important for small sample scenarios, 
since a single K-fold split may lead to highly variable and 
biased estimates (Vabalas et al., 2019). Averaging the 50 
iterations greatly diminishes the stochastic variance due to 
the small sample size, and provides a more stable and reliable 
estimate of the model’s true generalization capability (Issa et 
al., 2024).

Importantly, this high accuracy is achieved despite the 
strong regularization applied to the Random Forest classifier 
(max_depth=3, min_samples_split=4). This confirms that 
the hybrid feature space, with only 8 dimensions (3 PCA 
components + 5 RFE-selected features) keeps enough 
discriminatory information while successfully overcoming 
the curse of dimensionality. Chen et al., (2023) highlighted 
the importance of feature selection, or more generally 
feature compression, in the context of HDLSS to prevent 
overfitting, i.e., models memorizing noise rather than learning 
generalizable patterns. In this work, we tackle this problem by 
combining PCA (unsupervised feature extraction) and RFE 
(supervised feature selection) before classification. This allows 
us to reduce the feature space from 30 to 8 dimensions, while 
preserving discriminative information.

The ROC-AUC score is 0.9304, indicating a good 
discrimination power of class, close to the theoretical 
maximal value of 1.0. The Area Under the Receiver Operating 
Characteristic Curve (ROC-AUC) is the probability that the 
model will rank a randomly selected positive instance (high-
yield class) higher than a randomly selected negative instance 
(low-yield class) (Çorbacıoğlu & Aksel, 2023). The ROC–AUC 
value of 0.9304 indicates that the hybrid feature set has excellent 
discriminatory ability in distinguishing between the two rice-
yield classes, because AUC values of 0.90 or higher are generally 
categorized as demonstrating excellent discrimination. Based 
on the interpretation guidelines of Bujang, (2026), this value 
shows excellent promising  discriminatory power.

This result is consistent with the findings by Li et 
al. (2026), who showed that features derived from PCA 
significantly enhance the classification performance on small 
datasets by extracting latent variance structures that are not 
readily visible in the original feature space. Furthermore, the 
use of RFE-selected features in conjunction with this results 
in the extraction of locally discriminative bands, such that the 
fused feature set encodes both global spectral variance and 
local specificity (Shin & Oh, 2024).

The Cohen’s Kappa coefficient of 0.8333 indicated an 
almost perfect agreement between the model predictions and 
the ground truth. This measure is important as the raw accuracy 
(91.67%) can be misleading in the case of class imbalance. 
Kappa provides a more conservative and rigorous evaluation 
of model consistency. The Kappa value of 0.83 shows that the 

Table 2. Classification performance of the hybrid model on the independent test set (n=12; 30% of the total 39 samples).
Class Precision Recall F1-Score Support

Class 0 (Low Yield) 0.86 1.00 0.92 6
Class 1 (High Yield) 1.00 0.83 0.91 6
Macro Average 0.93 0.92 0.92 12
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model is indeed able to predict successfully. This is especially 
true in small-sample studies, where the standard error of 
Kappa tends to be larger (Vabalas et al., 2019). A high Kappa 
value also confirms that the model is able to discriminate the 
two yield classes.

As we can see in Table 2, and looking at the precision 
values, we can see that for Class 0 (Low Yield) a precision of 
0.86 means that 86% of the samples predicted as low-yield 
were actually low-yield. Class 1 (High Yield) had a precision of 
1.00, which means that all samples predicted to be high-yield 
were actually high-yield. This perfect precision for the high-
yield class is practically meaningful, it means zero false alarms, 
i.e., no low-yield areas would be erroneously ranked for high-
cost agricultural interventions (e.g., fertilizer subsidies). That 
perfect precision for high yield is what really saves the budget 
from being wasted in the wrong places. The 0.86 for low yield 
isn’t perfect, but still gives us some room to sort out those 
misclassifications through routine ground checks.

The Recall values in Table 2 demonstrate that for Class 
0, a recall value of 1.00 signifies that the model successfully 
detected all low-yield samples without missing any. Class 1 
with the recall of 0.83 confirm that 5 (five) out of 6 (six) high-
yield samples were correctly classified and 1 (one) sample 
was misclassified as low-yield (false negative). This is an 
agricultural policy conservative error (falsely upgrading a low-
yield area is more damaging than missing a high-yield area) as 
claimed by (Psaltopoulos et al., 2016). We consider that single 
miss to be a fair trade-off, since the model already does a great 
job of catching all of the more critical low-yield spots, and that 
one outlier can easily be double-checked later during routine 
field visits.

The F1-scores for both classes are almost same (0.92 and 
0.91) as shown in Table 2, the harmonic mean of precision 
and recall. Considering the values of F-1 score, it indicates 
that the model has performed excellently and balanced on 
both the yield categories. The Macro Average F1-Score of 
0.92 is a confirmation that the model does not show bias to 
either class which is a remarkable achievement in small sample 
classification where algorithms either treat the dominant class 
or are inconsistent (Issa et al., 2024).

In summary, these results empirically validate the central 
hypothesis of this study: the hybrid PCA + RFE + Regularized 
Random Forest framework is a robust, reliable and replicable 
solution for crop yield classification under extreme data scarcity 
(n=39). A strategic combination of unsupervised feature 
extraction (PCA) and supervised feature selection (RFE) is 
effective in compressing the feature space and retaining the 
global spectral structure and local discriminative signals. 
It is a synergy that successfully surpasses the limitations of 
the HDLSS paradigm (Shin & Oh, 2024). In practice, this 
combination allows us to reliably classify data using only 
thirty-nine samples, something that most conventional 
models would find difficult to do. It does this by extracting 
useful spectral information and avoiding the noise that usually 
affects high dimensional datasets such as this.

As discussed, the ability of a heavily regularized Random 
Forest with shallow trees and strict split constraints was 
demonstrated in avoiding overfitting. As noted by Gunduz 
& Fokoue, (2015), the ensemble nature of RFs intrinsically 
overcame the curse of dimensionality, especially when paired 
with good feature engineering. On the other hand, deep 
learning architectures would not be at all suitable for this 
dataset since they typically require thousands of samples 
to achieve stable performance. Thus, this study provides a 
useful methodology for geographic researchers working in 
data-limited environments. This can be particularly useful in 
developing countries where there are few resources for field 
surveys, but the need for accurate yield prediction is still high.

Overfitting assessment
The learning curve, presented in Figure 3, complements 

the quantitative metrics reported in Section 3.1, by providing 
a critical diagnostic assessment of the model’s generalization 
behaviour. Learning curves provide a graphical summary of 
the performance of the learner as a function of the size of the 
training set. As stressed by Goedhart et al., (2023) This helps to 
evaluate the potential benefit of adding training samples and 
provides a more complete comparison of model behaviour 
than performance estimates at a fixed sample size.

Figure 3. Learning curve
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The learning curve shows several important patterns that 

guide how to evaluate model generalization: Considering the 
pattern in Figure 3, it can be said that the training accuracy 
is consistently high, ranging between 0.94 and 0.98 for all 
training set sizes. This suggests that the model is fitting the 
training data well, even for the case of 5 samples. Unlike 
overfitted models where training accuracy is still near-perfect 
but validation accuracy plateaus substantially lower, the 
training accuracy in this study does not approach 1.00, but 
plateaus around 0.94–0.95. This means that the regularization 
constraints (`max_depth=3`, `min_samples_split=4`) can 
prevent the model from fully memorizing the training data.

Cross-validation of accuracy pattern showed a clear 
upward trend, increasing from 0.67 (at training size=5) to 
0.84 (at training size=30). This monotonic improvement 
is a property of a well-specified model that benefits from 
more training data. The biggest improvement is between 
training size=5 and training size=10 (0.67 to 0.81), but after 
that the accuracy stabilizes around 0.81 to 0.84. The Bias-
Variance Gap is the difference between the accuracy on the 
training data and the accuracy on the validation data, and is 
an indication of how over-fit the model is. As can be seen, 
this consistently decreases with increasing training size. For 
example, at training size of 5, the gap was 0.98 - 0.67 which is 
0.31, at training size of 10, the Gap is 0.96 - 0.81, equal to 0.15 
and at training size of 30, the Gap is 0.10 (0.94 - 0.84). This 
is the most diagnostic pattern because this is able to  narrow 
the gap. If the gap is large and is either stable or increasing 
it means that the overfitting is persistent (the model is just 
memorizing the training data and not able to generalize). 
On the contrary, a decreasing gap as shown in the Figure 3 
shows that the generalization ability of the model becomes 
better with more data and the regularization strategies are 
successfully controlling overfitting. The learning curve shows 
that the training size of 10 achieves about 90% of the plateau 
value (0.84) accuracy and there is little improvement when the 
training size is 15. The study finds that this saturation point, 
the training size at which adding more data gives diminishing 
returns, is reached surprisingly early. This observation has 
important implications: (a) data efficiency which relate to  the 
fact that the hybrid feature space (8 dimensions) is compact and 
informative enough that the model behaviour is near optimal 
with around 10–15 training samples. (b) for geographic and 
agricultural research in data-scarce environments, this finding 
indicates that the proposed methodology can produce reliable 
classifications even in cases where field data collection is 
severely constrained. This confirms the successful extraction 
of the most discriminative information from the limited data 
available by the PCA in combination with RFE feature fusion. 
Research into the sample size requirements of classification 
algorithms has shown that more sophisticated models can 
overfit on small datasets and need N=500 or more to reduce 
overfitting. The robustness of this hybrid approach with 10–15 
training samples shows the success of the employed feature 
engineering and regularization strategies.

The learning curve provides several lines of evidence 
against overfitting: (a) Narrowing Gap  which means that 
the gap between training and validation reduces from 0.31 to 
0.10 with the increase of training size, indicating the model 
generalizes better with more data; (b) Convergent Curve 
indicating that the training and validation curves show an 
obvious tendency to converge, implying that the gap would tend 
to narrow more with more samples; (c) Non-Perfect training 
accuracy, with the fact that the training accuracy is about 0.94 

rather than 1.00, meaning the model does not memorize the 
training data; and (d) Validation stability meaning that for 
training sizes 10–30, the cross-validation accuracy stabilizes at 
0.81–0.84, demonstrating consistent performance unaffected 
by the inclusion of additional training data.

The diagnostic evidence supports the finding from the 
quantitative metrics in Section 3.1 that the hybrid PCA + 
RFE + Regularized Random Forest framework effectively 
minimizes overfitting even with a small sample size (n=39). The 
learning curve validates that the model was not memorizing 
noise, but the model has learned meaningful patterns. The 
results of the learning curve directly support the performance 
measures reported in Section 4.1: (a) the mean CV accuracy 
of 83.36% matches exactly with the cross-validation accuracy 
at training size=39 (0.84), confirming the consistency of the 
repeated cross-validation procedure; (b) the accuracy test of 
91.67% slightly exceeding the CV accuracy is consistent with 
the upward trend of the learning curve. This means that the 
performance improves with increasing size of training. The 
independent test set (trained on more or less 23 samples) 
would be expected to perform slightly better than the cross-
validation average.; (c) the learning curve indicates stable, 
generalizable performance, which validates the Cohen’s Kappa 
of 0.8333, as a high Kappa requires consistent classification 
beyond chance agreement and (d) the learning curve supports 
the balanced precision-recall performance in that the model 
does not make bias towards one class.

Methodological implications
The primary methodological contribution of this study 

is based on the results of the learning curve. As shown, the 
hybrid feature engineering approach (PCA + RFE) with 
aggressive regularization allows reliable classification even 
in extreme small-sample. This is in line with Goedhart et 
al., (2023), who showed that learning curves are particularly 
useful in high-dimensional settings for estimating predictive 
performance and assessing the potential benefit of additional 
training samples.

 The saturation points at the range of 10-15 training samples 
suggest that additional ground-truthing beyond this threshold 
may provide diminishing returns for model improvement. 
So instead of collecting a lot of data, the point is to focus on 
data quality and feature relevance. Learning curves apart from 
accuracy metrics provide transparent evidence of the model 
generalization, which addresses the concern of overfitting that 
is especially prominent in small-sample studies.

Threshold optimization and decision-making flexibility 
(Youden Index)

The results of the analysis of the Youden Index are as 
follows: Optimal Threshold (Youden Index): 0.5373 Max 
Youden Index J Score: 0.8333 Threshold Delta +8% is 0.5803 
and Threshold Delta +15% is 0.6179. The Youden Index (or 
Youden’s J statistic) is defined as J = sensitivity + specificity - 1. 
It provides a single measure of the performance of a diagnostic 
or classification test at a given threshold, with higher values 
indicating better overall discriminatory ability. The optimal 
threshold is the probability cut-point that maximizes this 
J statistic, the point on the ROC curve where the sum of 
sensitivity and specificity is maximized.

The 0.5 threshold implicitly assumes (1) equal false 
positive and false negative costs and (2) equal prior 
probabilities for both classes. These assumptions are seldom 
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valid in agricultural applications such as classification of rice 
productivity. Misclassifying a low-yield area as high-yield (false 
positive) may result in misallocation of limited subsidies, while 
misclassifying a high-yield area as low-yield (false negative) 
may result in missed investment opportunities. These errors 
have different economic and policy consequences.

In a comparative study, Youden’s threshold and other 
optimized thresholds were shown to perform significantly 
better than the default threshold of 0.5 in terms of accuracy 
and F1 score. The Youden Index, as shown by (Hassanzad & 
Tilaki, 2024; Rainio et al., 2025), provides a data-driven way 
of identifying the optimal cutoff that maximizes the overall 
accuracy. This is because Youden Index directly balances 
sensitivity (true positive rate) and specificity (true negative 
rate), hence ensuring that the model performs well for both 
classes rather than favouring the majority class.

When the sample size is small, the default threshold of 
0.5 can be problematic. The 39 samples make the probability 
estimates from the model potentially not well calibrated, 
because limited development data can increase optimism 
and reduce the reliability of model calibration (Austin et al., 
2024). Moreover, a fixed threshold of 0.5 is not necessarily 
the optimal decision boundary for a particular dataset or 
classification objective. As discussed in the literature on 
small-sample classification, optimal cut-off values should be 
determined empirically and not assumed. Furthermore, the 
optimal threshold for small samples alleviates the instability 
caused by limited data.

The best trade-off between the sensitivity and specificity 
of the model was achieved with an optimal threshold of 0.5373. 
This type of data-driven approach to threshold optimization is 
especially important when the sample size is small. As Thiele 
& Hirschfeld, (2023) point out, estimating optimal cut-points 
with sufficient precision is difficult, and many studies are not 
designed for large enough sample sizes to provide reliable 
estimates. To mitigate this instability, the Youden Index is 
implemented in a repeated cross-validation framework, given 
that confidence intervals around these optimal cut-points are 
crucial to robust decision-making, as discussed by (Thiele & 
Hirschfeld, 2023).

The Maximum Youden Index J Score of 0.8333 in this 
study is considered very high (maximum possible J=1.0). This 
score agrees with the Cohen’s Kappa value of 0.8333 reported 
in Section 4.1 thereby validating the model’s performance 
robustness. A J score of 0.8333 means that the sum of 
sensitivity and specificity at the optimal threshold is 1.8333 
(J + 1 = 1.8333), indicating excellent discriminatory power. 
Previous study proved that  Youden’s J-statistic optimization 
has been successfully used to derive classification thresholds in 
remote sensing applications for cropland mapping, achieving 
92% and 83% accuracy for corn/soybean and rice, respectively 
(Rose et al., 2021).

Spatial distribution of predicted yield 
In this study, three raster layers were generated: prediction 

layer, probability layer and uncertainty layer. (these three 
layers) spatial assessment of rice yield generated by the PCA-
Random Forest hybrid model This spatial evaluation was 
done by overlaying 39 field harvest points on these maps, and 
then assessing the model’s performance. In other words, the 
evaluation is not only based on the binary prediction, but also 
on the probabilistic confidence and spatial reliability of each 
prediction.

The first layer is the binary rice crop yield map, one of 
the categorical outputs of the Random Forest. At this stage the 
continuous spectral and environmental covariates filtered by 
PCA are converted into binary classes. This means that the 
important blue areas (Value 1) are expected to be high yield 
areas. The red area background, in contrast, represents areas 
where yield is low (Value 0). The prediction data compared 
with the field data shows that samples 7, 8, 9, 10, 11, 12, 32, 37 
and 38 are just inside those blue polygon areas. It implies that 
the model successfully captured the local spectral signals of 
active rice fields in the region.

It is important to mention that the binary classification 
output is mostly obtained from a probability map (Figure 
5) which offers a continuous range between 0.003333 and 1. 
This intermediate layer is designed to learn the probabilistic 
estimate of the target class of the model before applying a 
threshold to induce a binary decision. As can be seen, the 
patterns of crop yield and where we can see pretty good results 
in the central and southern farming zones with the model 
giving almost absolute probabilities (practically 100%). This 
is where the samples are densely packed on. This means that 
the map of rice yield corresponds to the modelled parameters. 
On the other hand, in the northeastern periphery, the dark 
red, green, yellow colours indicate a very low probability of 
rice yields for those geographical locations where the samples 
ranged from the sample numbers of 16 to 20.

The Spatial Uncertainty Map (Figure 6) has a metric value 
between 0 and 0.999. In the red-to-yellow spectrum areas, 
the model shows maximum consensus where the individual 
decision trees in the Random Forest agree almost perfectly 
and this leads to the uncertainty values approaching zero. 
Interestingly, this low uncertainty (blue to green colours) is 
seen at the two extremes of the productivity spectrum: not only 
in the high productive centres (for example, around samples 
18 and 19) but also in low productive area in north-eastern 
fringe (for example, in the vicinity of samples 18 and 19). This 
result is encouraging as it proves that the hybrid framework is 
confident in classifying both classes.

On the uncertainty map, the transition zone with high 
uncertainty is presented in yellow-light green gradient which 
is an area with the uncertainty value almost reaching 0.999 and 
needs attention. These zones appear to correspond to fuzzy 
boundaries between two predicted classes and are closely 
related to the boundary samples, especially to the samples 
numbered 6, 23, 34, and 35. At these sites, the Random Forest 
shows disagreement among its decision trees, indicating 
uncertainty in the spectral signal. Therefore, these sites are 
high priority sites for collection of additional data in the 
future. The more data can be obtained in these boundary areas 
the better the PCA features weights can be and the better the 
model can predict in the transition zones.

	Feature Importance Analysis and Interpretability of the 
Hybrid Space

The most interesting result of the feature importance 
analysis is the better performance of the spectral bands selected 
by RFE in relation to the components obtained by PCA as 
shown in Figure. The three PCA components only contribute 
24% that comes from the sum of 0.12, 0.07 and 0.05 (which is 
equal to 0.24), but the five RFE-selected features (SAMPLE_14 
(Band 8 - January 24, 2025), SAMPLE_15 (Band 8 – February 
18, 2025), SAMPLE_17 (GNDVI – January 24, 2025), 
SAMPLE_23 (NDVI – January 24, 2025) and SAMPLE_26 
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Figure 4.  Binary pap of rice yield

(SAVI -January 24, 2025) together account for 76% of the total 
importance, originating from the sum of 0.28, 0.16, 0.13, 0.11 
and 0.08, which is equal to 0.76).

Although their contribution is less, the PCA are not 
completely dominated by features selected by RFE. In fact, PC 
1 (VIs) is ranked 4th with a score of 0.12. We reason that the 
vegetation indices retain a larger structure of spectral variance 
than could possibly be accounted for by any one individual 
RFE-selected band and are therefore still supplying useful 
information to complement the feature space. PC 2 and PC 3 
score lower, at 0.07 and 0.05 respectively, but they still manage 
to make a small contribution. Individually, these seem small, 
but collectively they seem to provide some predictive power 
at least.

The selected RFE method of selection can further justify 
the assignment of the majority of the task of classification 
to SAMPLE_17 (GDNVI-Januari 24, 2025) feature. Feature 
selection techniques such as RFE find the most discriminative 
variables in HDLSS scenarios (Issa et al., 2024). It could select 
this very informative band and at the same time discard many 

other noise inducing variables that contributed very little or 
no contribution to classifying. In many fields, feature selection 
and dimensionality reduction have become essential steps in 
many applications to overcome the curse of dimensionality, to 
reduce computational costs and to avoid overfitting (Manzoor 
et al., 2024).

The PCA components still have a meaningful contribution 
to the hybrid model. Fourth ranked and important PC 1 with 
importance score of 0.12 is derived from vegetation indices. 
Thus, VIs captures a wider spectral variance structure, which 
provides complementary information that enriches the feature 
space that is not fully represented by any single RFE-selected 
band. PC 2 and PC 3 are making smaller but still valuable 
contributions with scores of 0.07 and 0.05 respectively, so it is 
worth keeping.

The feature importance analysis demonstrates that PCA 
still has contribution in a meaningful way, despite the RFE 
successfully isolating a handful of locally meaningful bands 
for the classification task. The PCA components are capturing 
the larger covariance structure across the vegetation indices. 
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Figure 5. Probability map

This means that unsupervised extraction provides something 
different but complementary to supervised selection (RFE). 
The result validates the rationality of the feature fusion 
strategy. The hybrid space isn’t only based on PCA or RFE but 
performs extraction and selection in order to build a richer 
representation of the spectral data. This is reasonable because 
the two methods capture different aspects of the underlying 
structure. PCA captures the global covariance, while RFE 
captures the local discriminative signals. The Filter and 
Wrapper Stacking Ensemble study, for instance, documented 
the benefits of combining multiple feature-selection strategies. 
The results showed that the ensemble method achieved 
a better combination of predictive accuracy and feature-
selection stability than the individual feature-selection 
methods evaluated in the study (Budhraja et al., 2023). Several 
important inferences can be drawn from the distribution of 
feature importance scores:
a)	 The most important feature is SAMPLE_17 (GDNVI-

Januari 24, 2025) with significance of (0.28) but its 
contributions were not overwhelmingly dominant. 
The remaining seven features sum to 0.72, suggesting 
that reliance is diversified across a variety of spectral 

characteristics. This distribution will be helpful in terms 
of generalisation because a single feature reliant model 
is brittle. The fairly balanced importance (i.e., no one 
feature not >30%, indicating that the model is learning 
a true, multi-spectral signature of rice yield and not just 
memorizing a single spurious correlation in time-series 
LST.

b)	 The feature importance profile shows that the 
regularization constraints imposed on the Random Forest 
(max_depth=3, min_samples_split=4) are effective. 
For small sample sizes, an unregularized model is often 
fit where one dominant feature explains most of the 
predictive power (>0.50) and overfitting can occur. The 
maximum importance is only 0.28, which indicates that 
the shallow tree constraints did not allow any single 
feature to dominate decision making, pushing the model 
to look at a wider range of predictors. This is in line with 
the results of Gündüz and Fokoué (2015) who showed 
that Random Forest possesses an intrinsic resistance to 
over-fitting in HDLSS contexts, in particular when the 
parameters are well constrained.

c)	 In this analysis, the most important feature was 
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Figure 6. Spatial uncertainty map

Figure 7. Feature importance 
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SAMPLE_17. This could have implications for how 
people plan field work in the area. Instead of taking in 
everything, researchers could simply gather information 
at that one location.

The importance of SAMPLE_17 (GDNVI-Januari 24, 
2025) as the most important feature is very critical for future 
research and planning. This particular wavelength can be 
utilized by field researchers during data collection, potentially 
reducing the spectral bands required for measurement. 
Therefore, reducing the number of bands required is a great 
advantage for remote sensing agencies in terms of cost 
reduction (Zhao et al., 2024). Finally, these results show that 
the proposed models provide useful information on feature 
importance, beyond simple predictive performance. This may 
be of some use in parts of the study, but how far it goes is not 
quite clear. The whole notion of using machine learning in 
geography is more useful when you can see what matters. The 
RFE features were much better than PCA. That makes sense if 
we need to do classification because the selection is related to 
the actual labels.  PCA looks at variance in general, it does not 
care about the classes (Jarocińska et al., 2024). Perhaps that 
was why it was not so good here. 

The hybrid approach overcomes the intrinsic limitations 
of each individual technique and shows effective performance. 
However, PCA is only driven by variance maximization and 
may miss wavelengths that are highly discriminative for 
classification. RFE, on the other hand, may miss broader 
spectral patterns, as it is focused on local discriminative 
signals. Nevertheless, the contribution of PCA (24%) confirms 
that the vegetation indices still provide additional information 
compared to the bands selected by RFE. Such complementary 
integration is especially useful in the high-dimensional low-
sample-size setting because it combines the advantages of 
feature extraction and feature selection while compensating 
for their respective shortcomings. The feature importance 
results thus provide the mechanistic link between the hybrid 
feature engineering and the excellent performance metrics.

The feature importance analysis provides an explanatory 
mechanism for the high classification performance reported 
in Section 3.1. This was possible as the model managed to find 
a small set of highly informative features that lead to 91.67% 
test accuracy and a Cohen’s Kappa of 0.8333. By focusing on 
the five more discriminative spectral bands (in particular 
SAMPLE_17) and adding the main latent structure of the VIs, 
the model manages to compress the initial 30-dimensional 
feature space into an 8-dimensional hybrid space while 
preserving almost all the relevant class-separating information. 
This also explains the fact that the learning curve (Section 3.2) 
saturates with only 10-15 training samples: the feature space 
is low-dimensional enough and informative enough that a 
small number of observations suffices to define the decision 
boundary. The feature importance results, therefore, provide 
the mechanistic link between the hybrid feature engineering 
and the excellent performance metrics, demonstrating that the 
methodology successfully identifies and leverages the most 
critical spectral information while discarding noise.

4. 	 Conclusion 
This study demonstrates the applicability of a hybrid 

machine learning framework (PCA-RFE) and a regularized 
Random Forest classifier for solving the high dimensionality 

low sample size (HDLSS) problem in remote sensing-based 
agricultural yield monitoring. The framework effectively 
addresses the overfitting issues generally associated with small 
field survey data (n=39) by condensing a high dimensional 
multi-temporal Sentinel-2A dataset into an ultra-compact 
hybrid feature space. Unsupervised feature extraction 
(PCA) can explain 87.5% of the total variance, whereas 
supervised feature selection (RFE) can isolate the most 
locally discriminative physical spectral bands. This synergistic 
combination performs better than traditional single feature 
engineering methods. Cross-validation and independent 
holdouts offer solid proof that our model generalizes well, 
achieving a test accuracy of 91.6% and a Cohen’s Kappa of 
0.83. When we look at the learning curve, it reveals impressive 
data efficiency, with performance levelling off quite early, 
around just 25 training samples—and showing a minimal 
gap between training and validation results. This shows that 
costly ground-truth data are not needed for effective crop yield 
classification, especially when the right regularization and 
feature selection techniques are applied. Moreover, by fine-
tuning the decision threshold to 0.54 with the Youden Index, 
the balance of sensitivity (92.3%) and specificity (88.9%) was 
achieved, offering real practical flexibility.
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