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Abstract  

Leaf-fall disease caused by Pestalotiopsis sp. is a major threat to rubber (Hevea brasiliensis) plantations because 
it suppresses photosynthetic activity, accelerates defoliation, and reduces latex productivity. In operational 
practice, severity assessment is still dominated by visual field inspection, which is subjective, time-consuming, 
costly, and difficult to standardize across large plantation areas. This study develops a disease severity 
classification model for Pestalotiopsis sp. using a Convolutional Neural Network (CNN) based on vegetation-
index features derived from UAV multispectral imagery. The model classifies disease severity into four levels: L1 
(Light Infection), L2 (Moderate Infection), L3 (Severe Infection), and L4 (Very Severe Infection). To represent 
temporal and biological variability in disease expression, multispectral data were collected from multiple rubber 
clones over two observation periods. Feature construction focused on NDRE, LCI, CI, NDVI_NDRE_Interaction, 
and GCI_Ratio, which capture chlorophyll-related and canopy condition responses to infection. Because severity 
classes were imbalanced, the Synthetic Minority Over-sampling Technique (SMOTE) was applied before model 
training. A one-dimensional CNN was then trained to learn nonlinear patterns among index-based predictors for 
multilevel severity classification. Hyperparameter tuning improved overall accuracy from 85.30% to 90.00%. 
Class-wise F1-scores changed from 0.91 to 0.94 (L1), 0.83 to 0.84 (L2), 0.75 to 0.88 (L3), and 0.97 to 0.84 (L4), 
with the largest improvement in L3 recall (0.67 to 0.94). These results indicate that the selected vegetation indices 
and interaction terms are informative predictors for objective and scalable disease severity classification under 
heterogeneous plantation conditions. 
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1. Introduction  
Rubber (Hevea brasiliensis) is a strategic commodity 
that sustains natural rubber–based industries and the 
livelihoods of tropical smallholders. Its productivity, 
however, is increasingly threatened by leaf fall disease 
associated with Pestalotiopsis sp., which has been 
reported to reduce leaf area index and canopy capacity, 

disrupt physiological functions, and ultimately lower 
yield [1-4]. 
At the plantation scale, the epidemiological dynamics 
and spatial spread of the disease can accelerate canopy 
loss and intensify production risks [4]. In practice, 
disease severity is still assessed predominantly through 
visual field inspection, even though this approach is 
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subjective, labor-intensive, costly, and difficult to 
standardize under heterogeneous field conditions and 
symptom expressions that may resemble other 
physiological stresses [1-4]. These limitations make 
objective severity quantification an important 
measurement and control problem, particularly for 
large-scale monitoring systems that require consistent, 
repeatable, and scalable decision support.  
 

Recent studies have shown that remote sensing can 
provide a more objective basis for plant health 
assessment, but their contributions differ substantially 
in scale, purpose, and analytical depth. At broader 
spatial scales, satellite-based analyses such as Sentinel-
2 have been used to characterize phenological and 
canopy changes in rubber stands during infection, 
showing that spectral responses can capture disease-
related canopy dynamics [5], [6]. These studies are 
important because they establish that infection leaves 
measurable spectral signatures at the canopy level, yet 
their emphasis is primarily on temporal monitoring and 
landscape-level detection rather than severity 
discrimination at the plant or symptom level. At finer 
spatial resolution, UAV-based imaging has become 
increasingly relevant; for example, multi-angle RGB 
imagery combined with deep learning has been used 
successfully for rubber tree recognition, demonstrating 
the operational value of aerial image analytics in 
plantation environments  [7]. However, recognition of 
tree objects is analytically different from discrimination 
of disease severity classes. Other comparable studies 
have reported that multi-index vegetation modeling 
from high-resolution imagery can explain spatio-
temporal patterns of leaf fall and their relation to 
climatic drivers [8], while the broader vegetation-
mapping literature has shown that vegetation indices 
and multivariate spectral features can improve 
machine-learning performance by representing 
chlorophyll status, canopy vigor, and subtle spectral 
variation more effectively [9]. Taken together, these 
main contributors justify the relevance of spectral 
monitoring, but they also reveal that prior studies have 
been stronger in detection, mapping, and explanatory 
canopy analysis than in critically tested severity-level 
classification based on physiologically grounded index 
combinations within a unified deep-learning 
framework. 
 

Despite this progress, an important gap remains in the 
development of a robust classification model for 
Pestalotiopsis sp. severity that directly integrates 
physiologically relevant vegetation-index features into 
a CNN under heterogeneous plantation conditions. In 
several previous studies, vegetation-index analysis and 
deep-learning prediction have been treated as loosely 
connected stages, while classification performance 
tends to decline when class distributions are 
imbalanced, especially for minority severity classes  
[2], [10]. This indicates not only a methodological gap, 
but also a practical limitation: a model may detect stress 
patterns without being sufficiently reliable for fine-

grained severity assignment needed in plantation 
management. Building on prior remote-sensing and 
machine-learning studies, this study differs by 
developing and evaluating a CNN-based model for 
Pestalotiopsis sp. severity classification using NDRE, 
LCI, CI, NDVI_NDRE_Interaction, and GCI_Ratio as 
predictor features. To strengthen performance across 
unequal severity distributions, class-imbalance 
handling is incorporated during model development to 
improve robustness and sensitivity for underrepresented 
classes. The contribution of this article is therefore 
twofold: first, it demonstrates that physiologically 
grounded vegetation indices can serve as effective 
direct inputs for CNN-based multilevel severity 
classification; second, it shows how this contribution is 
validated throughout the manuscript through feature 
relevance analysis, class-imbalance treatment, and 
performance evaluation across four severity categories, 
namely L1 (Light Infection), L2 (Moderate Infection), 
L3 (Severe Infection), and L4 (Very Severe Infection). 
By combining physiologically meaningful spectral 
descriptors with CNN-based nonlinear pattern learning, 
this study extends earlier work on spectral detection and 
mapping toward a more explicit, testable, and 
operationally relevant framework for severity 
discrimination under variable field environments. 
 
2. Methods 

This study consists of eight stages to obtain the CNN 
model, as illustrated in Figure 1. There are vegetation 
index computation, feature selection using Random 
Forest (RF), Exploratory Data Analysis (EDA), 
handling class imbalance using SMOTE, disease 
severity determination using 1-D CNN, and 
hyperparameter tuning, model evaluation. 

2.1 Vegetation Index Calculation 

Vegetation indices were computed to characterize plant 
physiological status from multispectral reflectance 
values because chlorophyll-related spectral responses 
are sensitive to stress and disease progression [11]. 
Before index extraction, the imagery underwent 
radiometric calibration, geometric correction, and noise 
reduction to improve the reliability and comparability 
of pixel values across acquisition conditions  [12], [13]. 
Reflectance values from the required spectral bands 
were then used to calculate the vegetation indices 
reported in this study, including NDVI, MCARI, CI, 
LCI, NDRE, GCI, MCARI_CI_Ratio, 
NDVI_NDRE_Interaction, and GCI_Ratio, using their 
respective formulas as presented in Table 1. Each 
computed index was linked to the corresponding 
labeled sample and organized into a structured dataset 
for subsequent analysis. This procedure was chosen 
because vegetation-index transformation reduces raw 
spectral complexity while preserving physiologically 
meaningful information needed for consistent and 
standardized disease-severity assessment [14]. 
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Figure 1. Research Methods 

2.2 Feature Selection 

Feature selection was performed after vegetation-index 
construction to reduce dimensionality while preserving 
the most informative predictors for severity 
classification. Although several methods such as 
Recursive Feature Elimination (RFE), Principal 
Component Analysis (PCA), and RF are commonly 
used for this purpose [15], [16] RF-based feature 
importance was adopted in this study because it can 
rank nonlinear predictor contributions without requiring 
strict distributional assumptions and can handle 
correlated vegetation-index variables effectively.  

The feature-selection procedure involved training the 
RF model on the vegetation-index dataset, computing 
the importance score of each feature, ranking all 
candidate variables, and retaining the highest-ranked 
predictors for CNN input. This process improved 
computational efficiency by reducing input complexity, 
lowered the risk of overfitting by suppressing redundant 
information, and supported better generalization during 
deep-learning training [17-20]. The retained features 
were then forwarded to the next analytical stages 
because CNN-based classification using selected 
vegetation indices has been shown to improve accuracy 
while optimizing computational resources in 
agricultural applications [21],  [22]. 

2.3 Exploratory Data Analysis (EDA) 

Exploratory Data Analysis (EDA) was conducted 
before model training to verify data quality and to guide 
the selection of appropriate preprocessing and modeling 
strategies. At this stage, descriptive statistics, class-
frequency inspection, distribution plots, boxplots, 
pairwise visualizations, and correlation analysis were 
used to examine data structure, label balance, inter-
variable relationships, and potential anomalies [23],  
[24].  

Outlier inspection was also performed because extreme 
values can distort feature distributions and bias the 
training process if left unchecked [25]. Through this 
procedure, EDA provided practical justification for 
subsequent methodological choices, particularly the use 
of feature selection to reduce redundancy and the use of 
imbalance handling to address underrepresented 
severity classes. Thus, this stage functioned not merely 
as a descriptive step, but as a necessary diagnostic stage 

to ensure that the downstream CNN model was trained 
on data that were interpretable, stable, and analytically 
defensible.  

2.4 Handling Imbalanced Classes (SMOTE) 

Class imbalance was addressed using the Synthetic 
Minority Over-sampling Technique (SMOTE) to 
improve the representation of minority severity classes 
in the training data. SMOTE works by generating 
synthetic samples through interpolation between 
neighboring minority instances in feature space, thereby 
producing a more balanced class distribution and 
enabling fairer model learning [26].  

In this study, SMOTE was applied only after EDA and 
feature selection so that synthetic samples were 
generated from the most relevant vegetation-index 
predictors rather than from noisy or redundant 
variables. This order was important because 
oversampling before variable screening could amplify 
irrelevant variation. The approach was selected because 
it has been shown to improve recognition of low-
frequency classes and enhance overall classification 
performance [27], [28], while its known limitations, 
such as the possible introduction of noisy synthetic 
observations and the neglect of spatial structure in 
image-derived data [29-31], were mitigated by applying 
it to tabular vegetation-index features and by evaluating 
the resulting model carefully across all severity classes. 

2.5 Determination of Disease Severity (CNN 1-D) 

Disease severity was determined using a one-
dimensional Convolutional Neural Network (1-D CNN) 
because the model was designed to learn nonlinear 
patterns from sequential vegetation-index feature 
vectors rather than from raw 2-D images. In contrast to 
image-oriented architectures such as ResNet, 
DenseNet, and EfficientNet, which are widely used for 
deep feature extraction from spatial image data  [32-34], 
the present study employed a 1-D CNN that is more 
appropriate for structured spectral-feature input while 
still enabling hierarchical feature learning [35].  

The selected features were arranged as input sequences, 
passed through stacked Conv1D layers to extract local 
patterns among vegetation-index combinations, 
regularized using Dropout layers, reduced through 
pooling operations, flattened into a dense 
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representation, and finally classified into four severity 
levels through fully connected layers. This architecture 
was chosen because it offers a simpler and more 
computationally efficient alternative to deeper image-
based networks while remaining suitable for multilevel 
classification of disease severity. The model design 
therefore reflects a methodological adaptation of 
standard CNN principles to the specific characteristics 
of vegetation-index data used in this study [36-39]. 

2.6 Hyperparameter Tuning 

Hyperparameter tuning was conducted to obtain a 
model configuration that balanced convergence 
stability, predictive accuracy, and generalization 
performance. The main hyperparameters considered in 
this study included learning rate, number of epochs, 
batch size, optimizer type, and other training-related 
settings that directly influence gradient updates and 
model convergence [40], [41].  

The tuning process involved training alternative model 
configurations, comparing their validation 
performance, and selecting the parameter combination 
that produced the best trade-off between accuracy and 
loss. This stage was necessary because an inappropriate 
learning rate may cause unstable convergence, whereas 
unsuitable batch size or training duration may either 
limit learning capacity or increase overfitting risk. 
Common search strategies such as random search, grid 
search, and Bayesian optimization are widely 
recognized [42] accordingly, the tuning strategy in this 
study was used not as an auxiliary step but as an 
essential procedure to justify that the final CNN setting 
was appropriate for the disease-severity classification 
problem. 

2.7 Model Evaluation  

In this study, model evaluation was designed to assess 
multiclass disease-severity classification fairly and 
transparently, particularly under potentially imbalanced 
data conditions. The trained model was evaluated using 
precision, recall, F1-score, accuracy, and AUC-ROC 
because these metrics jointly reflect class recognition 
quality, balance between false positives and false 
negatives, and separability across decision thresholds 
[1].  

In addition, confusion-matrix analysis was used to 
compare predicted and actual labels and to identify 
where misclassification occurred, especially between 
neighboring severity levels that may share similar 
spectral responses [5]. This evaluation scheme was 
selected because reliance on accuracy alone can obscure 
weak performance in minority classes, whereas class-
wise metrics provide stronger evidence of operational 
reliability. A high AUC value was also interpreted as an 
indicator of stable performance and model 
comparability, which is important because diagnostic 
errors directly affect disease-control decision making 
[27]. 

3. Results and Discussions 

The following section presents the results and 
discussion of the classification of Pestalotiopsis sp. 
disease severity in rubber plants. 

3.1 Vegetation Index Calculation 

The dataset construction stage began with 144 ground-
truth samples representing disease severity and two key 
vegetation indices, Normalized Difference Red-Edge 
(NDRE) and Leaf Chlorophyll Index (LCI), extracted 
from multispectral UAV imagery in our previous RF-
based study. These data were collected from three 
rubber clones, BPM-24, GT 1, and RRIC 100, in the 
Sembawa Rubber Research Plantation area, Banyuasin, 
Palembang, South Sumatra, Indonesia. UAV imagery 
was acquired in two campaigns: 18–19 January 2022 
and 15–16 June 2022. Building on that RF framework, 
we further developed and expanded the dataset by 
adding 1760 NDRE, LCI, label records. This 
augmentation was designed to preserve the spectral 
patterns and class-label structure learned from the 
earlier RF model, resulting in an enlarged dataset that 
remains consistent with the original severity 
representation [43]. In the context of the present study, 
this expanded dataset is important because the initial 
hypothesis assumes that physiologically meaningful 
spectral information can support stable multi-level 
severity classification when sufficient variability in 
field conditions is represented.  

Following data acquisition, a disease severity labeling 
process for Pestalotiopsis sp. was conducted. The 
applied relabeling strategy improved the separation 
among severity levels (Figure 2), resulting in more 
specific and distinguishable NDRE and LCI value 
ranges for each class. This adjustment reduced inter-
class overlap and enhanced the spectral characterization 
of individual severity levels.  

 
Figure 2. Scatter Plot Showing the Relabeled Dataset Consisting of 

1904 Data Points. 

The relationship between NDRE and LCI remained 
strongly positive, indicating that both vegetation indices 
are consistent and reliable proxies of plant health status. 
After relabeling, the clustering patterns in the 
scatterplot became more distinct, facilitating 
subsequent analyses and supporting more accurate 
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decision-making for monitoring and managing rubber 
plant health. This result is consistent with previous 
remote-sensing studies showing that chlorophyll-
sensitive indices are able to capture vegetation stress 
responses before symptoms become fully visible at the 
canopy level [44], [45]. 

Detailing the calculation stages of the multispectral 
image-based vegetation index (Table 1), such as NDVI, 
MCARI, CI, LCI, NDRE, GCI, MCARI_CI_Ratio, 
NDVI_NDRE_Interaction, and GCI_Ratio, which are 
used to quantitatively represent the physiological 
condition of rubber trees. This process includes 

extracting spectral values from relevant image 
channels, normalizing reflectance to reduce the 
influence of lighting differences and environmental 
conditions, and adjusting the index value scale to ensure 
consistency between images. The resulting vegetation 
indices serve as indicators of plant health and stress 
levels due to Pestalotiopsis sp. infection, and are 
important features in supporting further analysis and 
CNN-based disease severity classification modeling. 
Thus, this stage not only generated predictor variables, 
but also established the physiological basis for the 
subsequent modeling results and their interpretation. 

Table 1. Vegetation Index Calculation  

No Index Abbreviation   Index Full Form Index Use Index Formula 

1 NDVI Normalized Difference 
Vegetation Index Measuring vegetation density and health (NIR - Red) / (NIR + 

Red) 

2 MCARI Modified Chlorophyll 
Absorption Ratio Index 

Detecting chlorophyll content by 
considering the soil background 

((Red Edge - Red) - 0.2 
x (Red Edge - Green)) 
x (Red Edge / Red) 

3 CI Chlorophyll Index Estimating chlorophyll content in leaves (NIR / Red) – 1 

4 LCI Leaf Chlorophyll Index 

Sensitive and precise estimation of leaf 
chlorophyll content by taking into 
account spectral differences in the red 
and red edge bands 

(NIR / Red Edge) - 1 

5 NDRE Normalized Difference Red 
Edge 

More sensitive to chlorophyll changes 
than NDVI 

(NIR - Red Edge) / 
(NIR + Red Edge) 

6 GCI Green Chlorophyll Index Measuring chlorophyll content with 
green band reflectance (NIR / Green) – 1 

7 MCARI_CI_Ratio MCARI and CI Ratio Analyzing the relationship between 
MCARI and CI MCARI / CI 

8 NDVI_NDRE_Interaction NDVI and NDRE 
Interaction 

Exploring the interaction between NDVI 
and NDRE NDVI x NDRE 

9 GCI_RATIO GCI and CI Ratio Ratio for comparing GCI and CI indices 
to detect chlorophyll content gradation GCI / CI 

3.2 Feature Selection 

Feature selection results (Figure 3) indicate that the 
model predominantly relies on indices representing 
chlorophyll content and canopy condition, with NDRE 

(0.249), LCI (0.227), and CI (0.196) emerging as the 
three most influential features, followed by 
NDVI_NDRE_Interaction (0.115) and GCI_RATIO 
(0.047).  

 

Figure 3. Feature Importances Graph 

Collectively, these five indices account for 
approximately 85% of the total feature importance, 
suggesting that model decisions are largely driven by 

red-edge/NIR signals that are sensitive to chlorophyll 
depletion and declining canopy vigor. From a 
physiological perspective, this pattern is expected 
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because changes in chlorophyll typically precede 
visually apparent symptoms, while GCI_RATIO helps 
stabilize chlorophyll-related information derived from 
the green band and the NDVI_NDRE_Interaction 
enhances the discrimination between adjacent severity 
levels. These findings further emphasize the importance 
of feature selection, as not all vegetation indices 
contribute equally to representing plant stress responses 
[46-48]. This result also provides empirical support for 
the study hypothesis that the most informative 
predictors would be those directly associated with 
chlorophyll degradation and canopy stress. Compared 
with broader vegetation-monitoring studies that often 
retain a larger number of spectral descriptors, the 
present result shows that a compact subset of 
physiologically relevant indices can still capture most 
of the discriminative information needed for severity 
classification. In that sense, the contribution of feature 
selection in this study is not merely computational 
efficiency, but also interpretability: it clarifies which 
spectral responses matter most in separating severity 
levels. 

3.3 Exploratory Data Analysis (EDA)  

Exploratory Data Analysis (EDA) was conducted to 
verify that the multispectral features used are genuinely 
associated with the severity of Pestalotiopsis sp. 
infection in rubber plants. The boxplots reveal a clear 
physiological pattern: NDRE and three additional 
vegetation indices (LCI, CI, and 
NDVI_NDRE_Interaction) decrease progressively 
from severity level 1 to level 4, indicating declining 
chlorophyll content and canopy vigor as disease 
severity increases (Figure 4).  

 

Figure 4. Boxplot distribution: NDRE 

In contrast, GCI_Ratio shows an increasing tendency, 
serving as a complementary indicator when 
chlorophyll-related indices begin to saturate (Figure 5). 
The correlation heatmap further confirms a strong 
negative relationship between the selected features and 
severity, while also highlighting substantial inter-
feature collinearity (e.g., NDRE and CI are nearly 
identical), which motivates feature selection to reduce 
redundancy (Figure 6). Finally, the pairplot suggests 

that levels 1 and 4 are relatively well separated, whereas 
levels 2 and 3 overlap most strongly, implying that 
incorporating ratio and interaction-based features is 
important to sharpen decision boundaries between 
adjacent classes (Figure 7).  

 
Figure 5. Boxplot distribution: GCI_Ratio 

 
Figure 6. EDA Result: Correlation Heatmap 

 
Figure 7. EDA Result: Pairplot predicted  
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These EDA results are important for the discussion 
because they explain, before model fitting, why some 
classes are expected to be easier to classify than others. 
The clear separation of L1 and L4 is consistent with the 
later confusion-matrix results, whereas the overlap 
between L2 and L3 anticipates the main classification 
difficulty observed in the baseline model. Therefore, the 
EDA stage does not simply describe the data; it 
provides an analytical bridge between the physiological 
behavior of the indices and the classification outcomes 
reported in the following subsections. 

3.4 Handling Imbalanced Classes with SMOTE 

Class imbalance was consistently observed across all 
folds, with L2 dominating at approximately 626–627 
samples (41.1%), followed by L1 with about 474–475 
samples (31.1–31.2%), while L3 accounted for only 
293–294 samples (19.2–19.3%) and L4 was the least 
represented with 128–129 samples (8.4–8.5%). This 
distribution poses a risk of bias toward predicting L1 
and L2. To address this issue, SMOTE was applied 
within each fold to balance all classes to match the 
majority class, resulting in 626 or 627 samples per class 
(25% each for L1, L2, L3, and L4). Consequently, the 
total number of samples increased to 2,504 for folds 1–
3 and 2,508 for folds 4–5 (Figure 8). Unlike simple data 
duplication, SMOTE generates synthetic samples via 
nearest-neighbor interpolation in the vegetation-index 
feature space, primarily enriching L3 and L4. Potential 
overfitting was mitigated through RF-based feature 
selection and 5-fold cross-validation, ensuring robust 
generalization. 

 
Figure 8. Distribution of severity level data using SMOTE 

From a discussion perspective, the use of SMOTE is 
relevant because the study does not only seek high 
aggregate accuracy, but also balanced recognition 
across severity levels. Previous classification studies 
have noted that minority disease classes are often 
overlooked when models are trained on skewed 
distributions, leading to apparently good global 
performance but weak operational usefulness. The 
balanced distribution obtained after SMOTE therefore 
supports the initial expectation that class-sensitive 
performance, particularly for L3 and L4, could be 
improved when the model is exposed to more 
representative training patterns. 

3.5 Determination of Disease Severity (CNN 1-D) 

The stage of determining the severity level of 
Pestalotiopsis sp. infection was carried out using a 1-D 
CNN–based deep learning model (Figure 9) that 

processes a vector of selected vegetation index features. 
The adopted 1-D CNN architecture begins with an input 
layer of size (None, 5, 32), followed by the first 
Conv1D layer producing an output of (None, 2, 32). A 
MaxPooling1D layer is then applied without changing 
the output dimensions, maintaining (None, 2, 32), 
followed by a Dropout layer for regularization. 
Subsequently, a second Conv1D layer increases the 
number of feature channels to 64, yielding an output of 
(None, 2, 64), and is again followed by Dropout. The 
extracted feature representation is flattened into a vector 
of size (None, 128), passed through a Dense layer with 
128 neurons and Dropout, and finally terminated by a 
Dense layer with four neurons (output (None, 4)) for 
classification into four severity levels. 

Input_Layer (input Layer)
Output shape : (None, 5, 32)

Conv1d (Conv1D)
Input shape : (conv1d, 8) Output shape : (None, 2, 32)

Max1d (MaxPooling1D)

Input shape : (max_pooling1d_4 Output shape : (None, 2, 32)

Input shape : (Conv1d, 9)

Input shape : (conv1d,9) Output shape : (None, 2, 64)

Intput shape : (Flatten)

Input shape : (flatten,4) Output shape : (None, 128)

Dens (Dense)
Input shape : (Dense, 8) Output shape : (None, 128)

Dens (Dense)
Input shape : (Dense, 9) Output shape : (None, 4)

Input shape : (Dropout)

Input shape : (dropout_12) Output shape : (None, 2, 32)

Input shape : (Dropout)

Input shape : (dropout_13) Output shape : (None, 2, 64)

Intput shape : (Dropout)

Input shape : (dropout_14) Output shape : (None,128)

 

Figure 9. CNN Architecture 

Based on Table 2, the 1-D CNN model demonstrates 
strong and well-balanced overall performance, as 
reflected by an accuracy of 85.26% and closely matched 
precision (86.53%) and recall (86.52%). The similarity 
between precision and recall indicates that the model 
does not favor a particular prediction strategy, but 
instead maintains a balance between false positives and 
false negatives in severity classification. The F1-score 
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of 86.41%, which is consistent with these metrics, 
further confirms stable predictive performance across 
classes. Nevertheless, because disease severity 
assessment is a multi-class problem with different 
operational implications for each level, these global 
metrics should be interpreted in conjunction with the 
confusion matrix to better understand misclassification 
patterns, particularly between adjacent severity levels 
with overlapping symptoms. In relation to the study 
hypothesis, these results indicate that vegetation-index 
features processed by a 1-D CNN are sufficiently 
informative to support robust baseline classification, 
although not yet equally strong for all severity 
categories. 

Table 2. Evaluation of 1-D CNN Model Performance 

Indicator Value (%) 
Accuracy 85.26 
Precision 86.53 
Recall 86.52 
F1-score 86.41 

3.6 Hyperparameter Tuning  

Hyperparameter tuning (HPT) produces strong and 
relatively consistent performance across rounds, as 

shown in the comparison graph of all rounds (Figure 
10). The best validation accuracy per round is 0.859, 
Fold 2 = 0.859, Fold 3 = 0.756, Fold 4 = 0.870, and Fold 
5 = 0.922. The best validation loss per fold is 0.521, 
Fold 2 = 0.460, Fold 3 = 0.687, Fold 4 = 0.460, and Fold 
5 = 0.356. These values indicate that the adjustment not 
only improves peak accuracy (Fold 5: 0.922 as the 
highest achievement), but also significantly reduces 
loss on most folds (Fold 5: 0.356, as well as Folds 2 and 
4 around 0.46), indicating better convergence and more 
stable generalization. The only exception is Fold 3, 
which remains the most challenging (accuracy 0.756, 
loss 0.687), resulting in inter-fold variance. 

This pattern suggests that the model is responsive to 
optimization, but not uniformly across all data 
partitions. The remaining variance is important to 
acknowledge because it indicates that the proposed 
framework is promising rather than universally stable 
under every fold condition. Therefore, the discussion 
should not overstate the tuning effect; instead, the 
evidence supports a more careful conclusion that 
hyperparameter adjustment improves model reliability 
overall, while some folds still contain more complex 
spectral overlap or boundary ambiguity than others. 

 

Figure 10. Performance Comparison Across All Folds Before and After Hyperparameter Tuning 

3.7 Model Evaluation  

The vegetation index vector with inputs (None, 5, 32), 
which indicates five sequences of 32-dimensional 
spectral features per sample, is used to classify the 

severity of Pestalotiopsis sp. disease using the CNN 
structure shown in Figure 9. When the data faced an 
imbalance in chlorophyll patterns between severity 
levels, feature extraction was performed in stages 
through Conv1D, MaxPooling1D, and dropout. This 
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also produced initial spatial-spectral patterns. In the 
next step, a second Conv1D increases the channel depth 
from 32 to 64 to make the model more sensitive to 
subtle symptoms such as leaf darkening, edge 
discoloration, and small necrotic areas. In addition, 
there is an additional dropout to maintain robustness 
against lighting noise, soil background residue, and 
canopy overlap. 

After that, the feature map is summarized through 
Flatten into a 128-dimensional vector, then processed 
by the Dense layer to form stable multi-class decision 
boundaries between folds. The first Dense (128 units) is 
followed by dropout to reduce the dominance of light 
classes, while the final Dense produces an output 
(None, 4) as the probability of four severity classes (1-
4). Overall, the 32, 64, 128 channel flow forms a 
hierarchy of abstraction from healthy vegetation, 
chlorophyll depletion, increased necrosis, to severe 
damage, so that the physiological progression of rubber 
leaves can be mapped quantitatively and consistently. 
This interpretation is aligned with the initial assumption 
that hierarchical nonlinear learning can translate 
vegetation-index patterns into operational severity 
categories. 

The 1-D CNN model has good and balanced 
classification performance, as shown in Table 2. It 
shows that the model recognizes positive classes 
consistently without significant bias to false positives or 
false negatives, with nearly identical precision 
(86.53%), recall (86.52%), and F1-score values. 
Although the accuracy rate of 85.26% is slightly lower 
than other metrics, this model is still suitable for 
severity mapping. However, to ensure that minority 
classes are not overlooked, per-class evaluation (such as 
a confusion matrix) is still necessary. This need for 
class-wise interpretation is also emphasized in related 
evaluation studies, which argue that aggregate metrics 
alone may conceal weaknesses in neighboring or 
minority classes [49], [50].  

Figure 11 illustrates the learning dynamics of the CNN 
in mapping the severity of Pestalotiopsis sp. infection in 
rubber plants using selected spectral features. Training 
accuracy increases rapidly from approximately 0.55 to 
0.75–0.78 within the first 3–5 epochs, while validation 
accuracy follows a similar trend, rising to about 0.74–
0.77, indicating that red-edge and chlorophyll-related 
indices (NDRE, LCI, CI) together with the composite 
NDVI_NDRE_Interaction provide informative 
physiological signals from the early stages of training. 
Subsequent improvements occur more gradually, 
reaching around 0.80–0.81 for training and 0.79–0.80 
for validation by approximately epoch 25, reflecting the 
refinement of decision boundaries between spectrally 
overlapping severity levels. By epochs 100–150, 
performance stabilizes, with training accuracy around 
0.84–0.86 and validation accuracy around 0.82–0.85, 
and a small gap of roughly 0.01–0.03, suggesting 
limited overfitting and good generalization across folds. 
Toward the end of training (around epoch 200), the 

curves plateau, implying marginal gains from additional 
epochs, while GCI_Ratio acts as a complementary 
feature that helps discriminate higher severity levels 
when red-edge responses begin to saturate. In 
discussion terms, this pattern indicates that the model 
learns meaningful class structure early and then refines 
class boundaries incrementally, which is consistent with 
the observed challenge in separating intermediate 
severity levels rather than extreme ones. 

 
Figure 11. Best Model Accuracy 

Before hyperparameter tuning (Figure 12), the 
confusion matrix indicates that the baseline model was 
relatively stable for the extreme classes but less 
consistent for intermediate severity levels. Class L1 was 
correctly identified in 109 of 119 samples, with most 
errors shifting to L2 (10 cases). Class L2 achieved 132 
correct predictions out of 156, but misclassification was 
split toward L1 (11) and L3 (13), suggesting overlap in 
decision boundaries. The largest weakness appeared in 
L3, with 51 correct predictions out of 73 and substantial 
confusion into L2 (20), indicating limited separability 
for adjacent moderate-to-severe symptoms. In contrast, 
L4 showed perfect recognition (32/32), reflecting 
strong class distinctiveness at the highest severity stage. 
Overall, the error structure confirms that model 
limitations are concentrated in neighboring classes 
(especially L2-L3), which is consistent with prior 
evaluation literature emphasizing class-wise confusion 
analysis rather than relying solely on aggregate 
accuracy metrics [49], [50]. 

 
Figure 12. Confusion Matrix before HPT  

In the optimized model (Figure 13), the confusion 
matrix shows a clear improvement in severity-level 
separability, with most predictions concentrated along 
the main diagonal: L1 was correctly classified in 33 of 
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35 samples, L2 in 13 of 15, L3 in 15 of 16, and L4 in 8 
of 11. The remaining errors were predominantly local 
and occurred between adjacent levels, including L1 to 
L2 (2 cases), L2 to L1 (2 cases), L3 to L2 (1 case), and 
L4 to L3 (3 cases), with no evidence of extreme jumps 
across nonadjacent levels. This error structure indicates 
that parameter optimization improved decision 
consistency across low-to-moderate severity levels, 
while the main challenge remains at the L3-L4 
boundary, where symptom expression and spectral 
response are often partially overlapping. Compared 
with the baseline expectation that tuning would mainly 
improve general performance, the results show a more 
specific pattern: the largest benefit occurs in the 
previously weak intermediate-to-severe transition, 
rather than uniformly across all classes. 

 
Figure 13. Confusion Matrix After HPT 

The impact is most evident in the weaker levels. The 
largest improvement appears in L3: recall increased 
from 0.699 to 0.94, F1-score rose from 0.745 to 0.88, 
while precision showed a modest increase (0.797 to 
0.83). For L4, precision also improved (0.941 to 1.00), 
but recall declined (1.00 to 0.73), resulting in a lower 
F1-score (0.970 to 0.84), indicating that the model 
became more conservative when assigning L4 labels 
(Table 3). 

Table 3. Accuracy after Hyper Parameter Tuning   

Metric L1 L2 L3 L4 
Precision 0.94 0.81 0.83 1.00 
Recall 0.94 0.87 0.94 0.73 
F1-score 0.94 0.84 0.88 0.84 
Accuracy    0.90 

For L1, precision improved (0.908 to 0.94) and recall 
also increased (0.916 to 0.94), yielding a higher F1-
score (0.912 to 0.94). For L2, the improvement was 
moderate and consistent: recall increased from 0.846 to 
0.87 and F1-score from 0.830 to 0.84, although 
precision slightly decreased (0.815 to 0.81). Overall, 
hyperparameter tuning produced a more favorable 
performance profile: total accuracy improved (0.8530 
to 0.90), previously under-detected critical levels 
became substantially better detected (especially L3), 

and severe-case assignment became stricter through 
perfect precision in L4. This trade-off can be 
operationally beneficial when reducing false alarms is 
prioritized, but L4 recall still requires improvement to 
minimize missed very severe cases (Table 4). In relation 
to the broader implications of the study, these results 
suggest that the proposed pipeline is particularly 
valuable for improving discrimination in severity levels 
that are physiologically adjacent and operationally 
difficult to separate. At the same time, the decline in L4 
recall cautions against overgeneralization: the model is 
effective, but its deployment for high-stakes 
surveillance should still consider the risk of missed very 
severe cases and may benefit from additional samples 
or calibration strategies in future work. 

Table 4. Accuracy before Hyper Parameter Tuning   

Metric L1 L2 L3 L4 
Precision 0.908 0.815 0.797 0.941 
Recall 0.916 0.846 0.699 1.000 
F1-score 0.912 0.830 0.745 0.970 
Accuracy    0.8530 

 

4. Conclusions 

This study demonstrates that UAV multispectral 
vegetation indices can do more than describe canopy 
stress; when organized as physiologically meaningful 
predictors and learned through a one-dimensional CNN, 
they can support practical severity discrimination of 
Pestalotiopsis sp. in rubber across four operational 
classes: L1 (Light Infection; SI = 1), L2 (Moderate 
Infection; SI = 2), L3 (Severe Infection; SI = 3), and L4 
(Very Severe Infection; SI = 4). In this sense, the main 
contribution of the study is not merely the use of MVIs, 
but the demonstration that chlorophyll-sensitive Red 
Edge and NIR information can be translated into a 
structured severity-classification framework that is 
relevant for plantation monitoring and disease-control 
decisions. 

The best-performing model was obtained after 
hyperparameter sampling/tuning, achieving 90.00% 
overall accuracy and improving upon the pre-tuning 
baseline (85.30%). The most meaningful gain occurred 
in L3, where recall increased from 0.699 to 0.940 and 
F1-score from 0.745 to 0.880, indicating that the 
proposed approach is particularly valuable in detecting 
intermediate-to-severe stress patterns that are often 
difficult to separate under field conditions. L1 and L2 
also improved (F1: 0.912 to 0.940 and 0.830 to 0.840, 
respectively), while L4 became more conservative, with 
precision reaching 1.00 but lower recall (1.00 to 0.730), 
reflecting a stricter decision boundary after tuning. 
These results suggest that the method is already useful 
for supporting more objective surveillance and targeted 
intervention, but they also leave an important practical 
question for the field: improving the sensitivity of very 
severe-case detection without sacrificing the precision 
gained through optimization. 

Overall, the findings indicate that chlorophyll-driven 
indices, especially those derived from the Red Edge and 
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NIR bands, are not only dominant predictors of disease 
severity but also meaningful variables for building 
scalable decision-support tools in crop health 
monitoring. For the research community, this study 
contributes evidence that physiologically informed 
spectral features and tuned CNN learning can bridge the 
gap between spectral detection and operational severity 
mapping. For plantation management, the approach has 
potential applications in early warning, block-level 
prioritization, and precision intervention. Future 
development should therefore focus on increasing 
representation of very severe cases, testing model 
transferability across broader environments and rubber 
clones, and integrating the classification pipeline into 
real-time monitoring systems so that its value extends 
from methodological accuracy to actionable field 
deployment. 
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