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Abstract

Data imbalance is a common problem in image classification that causes models to tend to
learn majority class patterns more effectively than minority classes. This study evaluates
DeepSMOTE for balancing tea leaf disease images in DenseNet-121 transfer learning classifi-
cation. The dataset consisted of 885 tea leaf images from eight classes and was divided into
training, validation, and testing sets using stratified splitting. Balancing and augmentation
were applied only to the training data. DeepSMOTE was implemented using an autoencoder
that generated synthetic images through interpolation in latent space. Its performance was
compared with no augmentation, conventional augmentation, and feature-space SMOTE using
five repeated experiments. The results showed that DeepSMOTE achieved the highest average
test accuracy of 95.73 + 2.50% among the evaluated methods. The results suggest that
latent-space interpolation may have contributed to improved minority-class representation
and classification performance. However, several classes still produced misclassifications due
to visual similarities between diseases. Since this study used a single dataset with a relatively
limited number of test images, the results should be interpreted carefully. Nevertheless,
DeepSMOTE may be a promising approach for handling class imbalance in tea leaf disease
classification.
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1. Introduction

The development of visual analysis technology has encouraged the emergence of approaches
that are able to mimic the way humans process images, leading to the development of deep
learning architectures such as Convolutional Neural Network (CNN). CNN has been shown
to be able to understand and classify imagery quite well. However, in conventional CNN
architectures, problems such as vanishing gradient and the need for multiple layers to achieve
optimal performance are still common [1].

Among the various CNN architectures that exist, DenseNet-121 is one way to solve this
problem. This architecture connects each layer with all the previous layers through dense feed-
forward connections [2]. This concept keeps the gradient flow stable during training and helps
prevent the vanishing gradient problem commonly found in deep neural networks [3]. In addition,
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this architecture allows layers to make more effective use of information and supports feature
reuse, so that the flow of information in the network becomes more efficient [4]. This advantage
makes DenseNet-121 more parameter-efficient than other architectures and enables it to produce
more informative feature representations, accelerate model convergence, and maintain training
stability on complex datasets [3, 4]. The advantages of DenseNet-121 have also been proven
in research on rice leaf diseases classification. The tests conducted showed that DenseNet-121
achieved the highest accuracy of 91.67%, followed by DenseNet-169 with 90%, and DenseNet-201
with 88.33% [5]. This strengthens the reason for choosing DenseNet-121 in this study, because
this architecture has been proven to be more accurate than other DenseNet variants.

The performance of the DenseNet-121 architecture can be further improved through transfer
learning. Transfer learning utilizes the weights and features of pre-trained models on large
datasets to be reused on new and smaller datasets, making the training process more efficient,
reducing computational costs, and improving model performance [6]. This approach also expands
the model’s generalization capability, as visual features learned from large datasets can help
identify similar patterns across different datasets even when the domains are not identical [7].
The application transfer learning with DenseNet-121 has been shown to produce high accuracy
in medical image processing for brain tumor classification, reaching 96.90% [8].

However, the application of transfer learning with DenseNet-121 still faces challenges, espe-
cially when dealing with class imbalance problems. The model has been shown to provide more
optimal results on balanced datasets, indicating that balancing datasets plays an important role
in improving classification performance [9]. To overcome this problem, one of the oversampling
methods that can be used is Synthetic Minority Oversampling Technique (SMOTE). This method
produces more diverse synthetic samples than several conventional oversampling techniques, thus
improving the model’s generalization capability and proving effective on small and medium-sized
datasets [10, 11]. A number of studies have shown that the combination of SMOTE and deep
learning can improve classification accuracy, such as in breast cancer classification with CNN,
which increased from 88.7% to 97.84%, COVID-19 image classification based on DenseNet-201,
which increased from 97.9% to 98.64%, and brain tumor classification with DenseNet-201, which
increased from 99.51% to 99.65% [12-14].

Conventional SMOTE has become a commonly used oversampling method. Therefore, the use
of DeepSMOTE is important as an alternative approach for handling image imbalance problems.
DeepSMOTE combines an encoder—decoder mechanism with SMOTE-based oversampling in
latent space, so that the resulting synthetic samples not only increase the number of minority class
samples but also retain their important feature characteristics [15]. This approach has been shown
to produce high-quality synthetic images that are more representative than those generated by
traditional oversampling methods [15]. In addition, latent space-based oversampling approaches
such as DeepSMOTE have the potential to produce more stable synthetic representations because
the generation process is performed after the data are mapped into more structured latent
features, thereby helping the model better recognize minority patterns under imbalanced data
conditions [15, 16].

The problem of class imbalance does not only occur in medical images. It also occurs in
plant diseases images, particularly leaf images which are often the main object in plant disease
classification. The health condition of the leaves plays an important role in determining the
yield and quality of plantation commodities, including tea. Tea plants are susceptible to various
diseases that can lead to a significant decrease in yield and production quality [17]. As one of
Indonesia’s leading commodities, tea contributes greatly to the country’s foreign exchange and
labor absorption [18]. The impact of diseases on tea plants not only decreases productivity, but
also has the potential to disrupt the economic stability of producing regions. Previous research
showed that CNN was able to classify tea leaf diseases with high accuracy of up to 96.65% in
cases in Bangladesh, but this approach has not yet applied data balancing techniques so its
performance still has the potential to be biased against the majority class [19].
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Based on this description, this study focuses on the implementation of DeepSMOTE in tea
leaf disease classification using a transfer learning approach with DenseNet-121. The novelty of
this study lies in the integration of DeepSMOTE with DenseNet-121 transfer learning to address
class imbalance in tea leaf disease datasets. This study aims to analyze whether DeepSMOTE
can improve the classification performance and stability of the model on imbalanced data. In
addition, this approach is expected to improve the model’s ability to recognize minority classes
without reducing the overall prediction accuracy. Thus, this research is expected to contribute
to the application of deep learning in the agricultural sector, especially in tea commodities in
Indonesia which have high economic value.

2. Methods

This study was conducted to analyze the influence of data balancing techniques on the performance
of tea leaf disease classification using DenseNet-121 transfer learning. The main approach used
in this study is DeepSMOTE, while no augmentation, SMOTE, and conventional augmentation
are used as comparison approaches to objectively assess the effectiveness of DeepSMOTE. To
ensure reproducibility, all experiments were conducted using a fixed random seed of 42.

2.1. Research Flow

This section presents the stages of research consisting of dataset preparation, pre-processing,
data augmentation, model development and training, and evaluation. These stages are displayed
in the research flow so that the entire process can be understood clearly and systematically.
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Fig. 1: Research Flow

The experiments were conducted using Google Colab with NVIDIA Tesla T4 GPU acceleration.
The implementation was developed in Python using PyTorch, torchvision, scikit-learn, and
imbalanced-learn libraries. The library versions used in this study included PyTorch 2.6,
torchvision 0.21, scikit-learn 1.6, and imbalanced-learn 0.13.

2.2. Dataset

The dataset used was Identifying Disease in Tea Leaves from Kaggle!', with a total of 885 images
of tea leaves. The data were stratified into 80% training, 10% validation, and 10% testing
sets. The split dataset was generated once using a fixed random seed and was kept unchanged
throughout the entire study, including all repeated experiments. The initial distribution of the
dataset is shown in Table 1.

Table 1 shows that the dataset has an uneven distribution, with the number of images per
class ranging from 74 to 143 images. The Healthy class has the least amount of data, while the
White Spot is the class with the most data. This imbalance has the potential to cause models to

https://www.kaggle.com/datasets/shashwatwork/identifying-disease-in-tea-leafs
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Table 1: Initial distribution of datasets prior to DeepSMOTE deployment

Class Amount of data Training data Validation data Test data
Anthracnose 100 80 10 10
Algal Leaf 113 91 11 11
Bird Eye Spot 100 80 10 10
Brown Blight 113 90 11 12
Gray Light 100 80 10 10
Healthy 74 59 8 7
Red Leaf Spot 143 114 14 15
White Spot 142 114 14 14
Sum 885 708 88 89

be more likely to recognize patterns from the majority class and ignore the minority class. To
maintain the objectivity of the model evaluation, augmentation is applied only to the training
data, while the validation and testing data remain using the original image without modification.
For the implementation of DeepSMOTE and SMOTE, the number of images per class is set to
have a target of 114 images, which is adjusted to the amount of training data in the majority
class so that the data distribution is balanced.

2.3. Pre-processing

Preprocessing was carried out to adjust the image format to the needs of two models, namely
the autoencoder at the DeepSMOTE stage and DenseNet-121 at the classification stage. All
images were first converted to RGB format to ensure consistent three channel input before being
processed further. For DenseNet-121, the image was resized to 224 x 224 pixels and normalized
using the mean and standard deviation of ImageNet. Mathematically normalization is defined by
Eq. (1). Y
==—* (1)
where X is the vector of the original feature, p is the mean, and o is the standard [20]. This
normalization was applied because DenseNet-121 uses ImageNet1K pre-trained weights, so the
input distribution needs to follow the ImageNet normalization standard.

Meanwhile, in the DeepSMOTE stage, the images were processed differently because the
autoencoder works more stably at the original intensity range of 0-1. Therefore, the images were
only resized to 128 x 128 pixels and converted into tensors without ImageNet normalization.

z

2.4. Data Augmentation

Data augmentation was applied only to the training data and implemented using three different
approaches, namely DeepSMOTE, SMOTE, and conventional augmentation. Each approach was
trained as a separate model.

2.4.1. DeepSMOTE

In this study, DeepSMOTE was used as a method oversampling to generate synthetic samples
for minority classes through interpolation in the latent space of an autoencoder [21]. The
implementation follows an adversarial autoencoder-based DeepSMOTE approach, where the
autoencoder was trained in advance to learn compressed image representations using only the
training dataset. The encoder architecture consists of four convolutional layers with kernel size
4x4, stride 2, and padding 1, followed by Batch Normalization and LeakyReLU activation. The
latent representation generated by the encoder has a dimension of 256. Meanwhile, the decoder
uses four transposed convolution layers with Batch Normalization and ReLU activation, while
the output layer uses Sigmoid activation. The process of encoding and decoding is expressed as
Egs. (2) and (3)[22].
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where x denotes the input image, z represents the latent vector produced by the encoder, and
Z is the reconstructed image generated by the decoder. Autoencoder training was carried out
by minimizing the combination of reconstruction loss and adversarial loss, according to the
adversarial autoencoder architecture used. Reconstruction loss uses Mean Squared Error (MSE),
which is mathematically defined by Eq. (4).
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MSE calculates the average square difference between the original image pixels x; and the
reconstructed pixels #; [23]. Meanwhile, adversarial loss is obtained from the discriminator
output on the reconstruction images. The discriminator architecture consists of convolutional
layers with LeakyReLU activation and a Sigmoid output layer. The function used is a special
form of Binary Cross Entropy (BCE). Mathematically, BCE is defined by Eq. (5) [24].

Lpce = —[ylog D(z) + (1 — y)log (1 — D(x))] (5)

In discriminator-assisted autoencoder architectures, the goal of the decoder is to produce a
reconstruction image Z that is classified as real, so the target is y = 1. By simplifying Eq. (5) for
y = 1, the adversarial loss can be expressed as Eq. (6).

Lagy = —log D() (6)

This simplification is often used on adversarial autoencoders because it provides a more stable
and stronger gradient, especially when the discriminator still considers the reconstruction to be
false data. Based on the previous two loss components, reconstruction loss and adversarial loss,
the entire function of the autoencoder loss is defined by Eq. (7).

Lar = Lyvse + Aadv - Lady (7)

with Aggy = 0.01. The autoencoder was trained for 200 epochs using the Adam optimizer with a
learning rate of 0.0002 and (3 values of (0.5, 0.999). A batch size of 64 was used during training.
After the autoencoder training process was completed, each minority class image was projected
into a latent space as defined by Eq. (8).

Z = E(J}z) (8)

DeepSMOTE then generated synthetic samples by applying SMOTE in a latent space. For
each latent vector z;, the nearest neighbor were determined using the k-nearest neighbors method
with k = 6. One neighbor z,, was then randomly selected, followed by linear interpolation as
defined by the Eq. (9) [25][26].

Znew = Zi + A (Znn - zz) s A~ U(Oa 1) (9)

The latent-space interpolation mechanism allows synthetic samples to be generated from
compressed feature representations learned by the encoder. Because latent representations
capture important structural characteristics of tea leaf diseases, interpolation in this space may
produce smoother and more semantically consistent variations compared to direct interpolation in
the original image or feature space. This mechanism may help preserve intra-class characteristics
while still introducing variability among minority-class samples, potentially improving the
representation of minority classes. Unlike conventional augmentation, which relies on predefined
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image transformations, and feature-space SMOTE, which performs interpolation directly on
extracted feature vectors, DeepSMOTE performs interpolation in the learned latent space. The
synthetic vectors were then reconstructed into images using the decoder defined by Eq. (10).

Tnew = D (Znew) (10)

At this stage, the number of synthetic images produced was adjusted so that each class in
the training data has a total of 114 images. The synthetic images resulting from DeepSMOTE
were then combined with the minority-class training data to balance the class distribution prior
to DenseNet-121 training. Although DeepSMOTE improved minority-class representation, the
method also introduced additional computational complexity because the encoder-decoder and
discriminator networks needed to be trained before the classification stage.

2.4.2. SMOTE

As a comparison method, SMOTE was applied to balance the training data using DenseNet-
121-based feature representations. Features were extracted from the training images using the
feature extraction layers of a pre-trained DenseNet-121 model, followed by global average pooling
to obtain fixed-length feature vectors. Unlike DeepSMOTE, which performs interpolation in
autoencoder latent space and reconstructs synthetic images, SMOTE generates synthetic samples
directly in feature space through interpolation between minority-class feature vectors.

The synthetic feature vectors were generated using the k-nearest neighbors interpolation
mechanism, as expressed in Eq. (11).

Tnew = Tj + A (l'nn - xz) ;A U(O, 1) (11)

where x; represents the original feature vector, x,, represents one of its nearest neighbors, and A
is a random value sampled from a uniform distribution.

SMOTE was applied only to the training dataset to prevent data leakage. The generated
synthetic feature vectors were then combined with the original training features to form a
balanced dataset. These balanced feature representations were classified using a fully connected
classifier head consisting of a linear layer with 512 neurons, ReLU activation, dropout with a
rate of 0.3, and an output layer corresponding to the number of disease classes.

To provide a fairer comparison with DeepSMOTE, both methods employed DenseNet-121-
based feature representations and neural network classification frameworks. However, the two
approaches did not share identical pipeline structures. DeepSMOTE generated reconstructed
synthetic images through interpolation in the autoencoder latent space, whereas SMOTE gen-
erated synthetic samples directly in the DenseNet-121 feature space and classified them using
a classifier head. Therefore, the comparison presented in this study should be interpreted as a
comparison between two interpolation-based balancing strategies rather than strictly equivalent
processing pipelines.

2.4.3. Conventional Augmentation

Conventional augmentation provides image variation through several transformations applied
on the fly during training, including random horizontal flipping with probability 0.5, random
vertical flipping with probability 0.3, random rotation within a range of 15°, and brightness and
contrast adjustment with an intensity factor of 0.2. This process does not permanently store
new images, so the amount of training data does not increase and the class distribution remains
unchanged.

2.5. Transfer Learning DenseNet-121

At the classification stage, all synthetic images of DeepSMOTE, which were originally 128 x 128
pixels in size, were resized to 224 x 224 using bilinear interpolation to match the input size of
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the DenseNet-121 model [27]. Meanwhile, the images in the no augmentation and conventional
augmentation scenarios did not require additional resizing because they were already processed
at 224 x 224 pixels. The DenseNet-121 model in this study uses ImageNet1K pre-trained weight.
All layers of the model were fine-tuned during training, while the original classifier layer was
replaced with a new fully connected layer according to the number of tea leaf disease classes.

DenseNet-121 utilizes a dense inter-layer connection so that each layer receives all of the
output from the previous layer as input [28]. This mechanism allows the network to maximize
feature reuse while maintaining strong gradient flow in deep networks. The relationship between
layers is expressed in Eq. (12) [29].

x; = Hy ([zo, z1,. .., 21-1]) (12)

where H;(-) is a composite function consisting of Batch Normalization, ReLU, and convolution.
On the dense block layer, these three operations are executed in the order of Batch Normalization
— ReLU — 3x3 convolution as part of the feature extraction process.

In DenseNet-121, the layers inside the dense block apply a layer bottleneck, which is 1x1
convolution, to reduce the number of channels so that computing becomes lighter. Thus, one
layer in a dense block that uses a bottleneck layer consists of Batch Normalization — ReLU —
convolution 1x1 — Batch Normalization — ReLU — convolution 3x3. Each layer in a dense
block adds a new feature equal to the growth rate (k). If the number of initial features is ko,
then the number of features that enter the [ layer can be defined by Eq. (13) [29].

Input; = ko + k(1 — 1) (13)

On DenseNet-121, the growth rate is 32, so the addition of features to each layer remains
controlled. Between dense blocks there is a transition layer responsible for reducing the feature
size to maintain computational efficiency. At this stage, the spatial resolution is reduced through
average pooling, while the number of channels is reduced using 1x1 convolution. This reduction
is controlled by the compression factor § = 0.5, so the number of feature maps becomes half of
the previous size [29]. After all dense blocks are processed, DenseNet-121 uses Global Average
Pooling (GAP) to reduce the feature tensor to one average value per channel. GAP makes the
number of parameters much smaller because it replaces the fully connected layer which is usually
large, making the model lighter. The GAP result feature vector is then mapped to the class
score using a new linear layer according to the number of tea leaf disease classes. The score is
eventually converted into a class probability through the softmax function.

2.6. Training

During training, the model was optimized using categorical cross entropy loss, which measures
the difference between the predictions and the actual label. The function of the CCE is defined
by Eq. (14) [24].

C
L=- Z Y log (9c) (14)
c=1

with y. = 1 for the correct class and 0 for the other classes. The training was conducted for 20
epochs using Adam’s optimizer with a learning rate of 1 x 10~% and a batch size of 32. The same
training hyperparameters, including learning rate, batch size, optimizer, and number of epochs,
were consistently used across all comparison methods to ensure fair evaluation. To improve the
reliability of the experimental results, a repeated-experiment protocol was employed. The train,
validation, and test split described in Section 2.2 was kept fixed for all experiments. For each
oversampling method, the model training process was repeated five times using different random
seeds. These seeds affected model parameter initialization and data shuffling during training,
while the training, validation, and test samples remained identical across runs. No early stopping
or checkpoint selection strategy was applied in this study. Each model was trained for a fixed 20
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epochs, and the final epoch model was directly used for evaluation. Training, validation, and
testing accuracy were recorded in every run, and the final performance was reported as mean +
standard deviation.

2.7. Evaluation

After the DenseNet-121 transfer learning training process is completed, the model’s performance
was evaluated using test data to assess generalization capability on unseen. Evaluation was
carried out using confusion matrix, which summarizes the numbers of true positive (TP), true
negative (TN), false positive (FP), and false negative (FN). This information is used to calculate
accuracy, precision, recall, and F1-score metrics. The formula for calculating evaluation metrics
is defined by Egs. (15)—(18) [30].

TP +TN

A - 1

Ay = b Y FP+ FN+ TN (15)
TP

Precision = m (16)
TP

Recall = — 17

T TPYEN (17)

Precision - Recall
Fiscore — 2 recision - Reca (18)

Precision + Recall

3. Results and Discussion

This section presents the experimental results of the proposed tea leaf disease classification
framework. The discussion begins with the data balancing results produced by DeepSMOTE,
followed by model training performance, classification evaluation, comparison with alternative
augmentation methods, and overall performance analysis.

3.1. Data Balancing Results Using DeepSMOTE

A total of 204 synthetic images were generated through the DeepSMOTE process, so that the
total number of images in the training data after being added with synthetic images increased
from 708 to 912 images with a balanced distribution of 114 images for each class. The amount of
synthetic imagery added varies depending on the amount of original data for each class. Details
of the additions are presented in Table 2 below.

Table 2: Number of synthetic images resulting from DeepSMOTE

Class Original data Synthetic data  Final total (target)
Anthracnose 80 34 114
Algal Leaf 91 23 114
Bird Eye Spot 80 34 114
Brown Blight 90 24 114
Gray Light 80 34 114
Healthy 59 55 114
Red Leaf Spot 114 0 114
White Spot 114 0 114
Sum 708 204 912

The largest addition occurred in Healthy class of 55 synthetic images because it had the least
amount of initial training data. While classes with more data such as Algae Leaf and Brown
Blight only need about 23-24 synthetic images to achieve balance. The distribution before and
after balancing is visualized in Fig. 2.

Some examples of synthetic images generated using the DeepSMOTE process are shown in
Table 3 to illustrate the visual characteristics of the oversampling results produced in the latent
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Fig. 2: Distribution of training data per class before and after DeepSMOTE

space of the autoencoder. Table 3 presents a comparison between the original and synthetic

images.

Table 3: Example of synthesized images using DeepSMOTE

Class Original image Synthetic image

Anthracnose

Algal Leaf

Bird Eye Spot

Brown Blight

Gray Light

Healthy

Continued on the next page
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Table 3: Example of synthesized images using DeepSMOTE (continued)

Class Original image Synthetic image

Red Leaf Spot ! (e E
White Spot ‘ I

The synthetic images generally preserve important visual characteristics of the original
tea leaf images, including lesion patterns, color distribution, and leaf texture. A qualitative
visual assessment was conducted by comparing lesion patterns, texture consistency, and color
distribution between the original and synthetic images. Although several reconstructed images
appear slightly smoother than the original images due to the autoencoder reconstruction process,
the major disease characteristics remain recognizable. These observations suggest that latent-
space interpolation was able to generate additional samples while maintaining the overall semantic
structure of the disease patterns. Compared to conventional augmentation methods such as
rotation, flipping, and brightness adjustment, DeepSMOTE generates additional training data
through interpolation in the latent space learned by the autoencoder. This approach may help
preserve meaningful visual structures during synthetic image generation.

However, several synthetic artifacts were still observed. Some generated images contain
smoother textures and less detailed lesion boundaries compared to the original images. Although
these artifacts were relatively minor in this study, excessive deviation from the original image
distribution may potentially influence model learning. It should be noted that the evaluation of
synthetic image quality in this study remained qualitative and was primarily based on visual
inspection. More systematic or quantitative image quality assessments, such as similarity-based
or perceptual metrics, may provide additional insight into the fidelity of the generated images
and could be considered in future work.

3.2. Training Result

The new training data, which contains a combination of the synthetic images of DeepSMOTE
results with the original imagery, was then used to train the DenseNet-121 transfer learning
classification model. To improve the reliability of the experiment, the DeepSMOTE model
training was repeated five times using different random seeds. The training, validation, and
testing accuracies from each experiment are presented in Table 4.

Table 4: Repeated experiment results of DeepSMOTE

Run Train accuracy (%) Validation accuracy (%) Test accuracy (%)
Run 1 99.89 93.18 97.75
Run 2 99.89 94.32 91.01
Run 3 99.89 93.18 96.63
Run 4 99.89 95.45 97.75
Run 5 99.89 94.32 95.51

Based on the repeated experiments, the DeepSMOTE model achieved an average training
accuracy of 99.89% =+ 0.00%, validation accuracy of 94.09% + 0.85%, and testing accuracy of
95.73% + 2.50%. These results suggest that the DeepSMOTE approach provided relatively
stable classification performance across repeated experiments, although some variability between
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runs was still observed. In addition, the 95% confidence interval of the test accuracy ranged from
92.26% to 99.20%, indicating that the model performance remained reasonably consistent across
repeated experiments, although variations between runs were still observed. The training and
validation curves from the final experiment are shown in Fig. 3.

Loss per Epoch Accuracy per Epoch

—&— Train Loss 1.00 4
Val Loss

081 0.85 4

Loss

>
3z
g 1
0.6 30
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0.4
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0.0 0.60 Val Accuracy

0.0 2.5 5.0 75 10.0 12.5 15.0 17.5 0.0 25 5.0 75 10.0 125 15.0 175
Epoch Epoch

Fig. 3: Training and validation loss and accuracy curves from the final DeepSMOTE experiment

Based on Fig. 3, the training loss decreases rapidly during the early epochs and continues
to decrease gradually until the end of training. Validation loss also showed a decreasing trend,
although slight fluctuations still appeared in several epochs. Meanwhile, training accuracy
increased significantly and reached a very high value in later epochs, while validation accuracy
remained relatively stable around 94-96%. Although the model achieved high training accuracy,
a gap between training and validation performance was still observed. This indicates that slight
overfitting may still occur, although validation performance remains relatively stable.

In addition, the testing dataset only consisted of 89 images, and several classes had relatively
small support sizes. Therefore, the high performance obtained in this study should be interpreted
cautiously and may not fully represent the generalization capability of the model on larger
and more diverse datasets. The classification report from the final DeepSMOTE experiment is
presented in Table 5.

Table 5: Classification report of DeepSMOTE on the final run

Class Precision Recall Fl-score Support
Anthracnose 1.0000  0.9000  0.9474 10
Algal Leaf 1.0000 1.0000  1.0000 11
Bird Eye Spot 1.0000 1.0000  1.0000 10
Brown Blight 0.9091 0.8333  0.8696 12
Gray Light 0.9091 1.0000  0.9524 10
Healthy 1.0000 1.0000  1.0000 7
Red Leaf Spot 1.0000 1.0000  1.0000 15
White Spot 0.8667  0.9286  0.8966 14
Accuracy 0.9551 89
Macro avg 0.9606 0.9577  0.9585 89
Weighted avg 0.9566  0.9551  0.9549 89

Based on the classification report, most classes achieved relatively high precision, recall, and
F1-score values. Several classes such as Algal Leaf, Bird Eye Spot, Healthy, and Red Leaf Spot
achieved perfect scores on all evaluation metrics. However, several classes still showed imperfect
performance, particularly Brown Blight and White Spot. Brown Blight achieved a recall of 0.8333
and an Fl-score of 0.8696, while White Spot obtained a precision of 0.8667 and an F1-score of
0.8966. These results indicate that some images were still difficult for the model to distinguish
consistently. The confusion matrix from the final DeepSMOTE experiment is shown in Fig. 4.
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Fig. 4: Confusion matrix of DeepSMOTE on the final run

Most predictions are concentrated on the main diagonal, indicating that the majority of test
images were classified correctly. However, several misclassifications still occurred. In particular,
two Brown Blight images were predicted as White Spot, while one White Spot image was
predicted as Brown Blight. Examples of original images from both classes are presented in Fig. 5.

(a) Brown Blight (b) White Spot
Fig. 5: Original image samples of (a) Brown Blight and (b) White Spot.

Based on the original image samples, Brown Blight generally shows brownish lesions concen-
trated near the leaf edges with darker and more irregular infected regions. In contrast, White
Spot tends to exhibit lighter lesion areas with more diffuse spot patterns across several parts
of the leaf surface. Despite these differences, both classes still share similar color distributions
and texture patterns, especially in images with mild infection severity. To further analyze the
classification error, an example of a Brown Blight image misclassified as White Spot is presented
in Fig. 6.

True: brown blight
Pred: white spot

Fig. 6: Example of a Brown Blight image misclassified as White Spot

The misclassified Brown Blight image contains relatively faint lesions with scattered light-
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brown spots, visually resembling characteristics observed in White Spot images. In addition,
the image appears slightly blurry, reducing the clarity of lesion boundaries and making feature
separation more difficult for the model.

Variations in illumination, leaf orientation, image sharpness, and disease severity may further
contribute to overlapping feature representations between classes. Overall, the confusion matrix
suggests that most samples were classified correctly, although several visually similar disease
classes remained difficult to distinguish consistently. The observed errors indicate that overlapping
visual characteristics between diseases may still limit classification performance.

3.3. Evaluation of Comparative Methods

To assess the effectiveness of the DeepSMOTE method, a comparison was made with the
no-augmentation, conventional augmentation, and SMOTE approaches.

3.3.1. No Augmentation

The no augmentation approach achieved an average test accuracy of 89.89% =+ 2.56%, with a
95% confidence interval of [86.33%, 93.45%]. On the final run, the model achieved 91% accuracy.
Several classes still showed relatively lower performance, such as Algal Leaf with a recall of 0.64
and Fl-score of 0.78, and White Spot with an Fl-score of 0.80. These results indicate that
without balancing or augmentation, the model still experienced difficulty in learning feature
representations evenly across all classes.

3.3.2. Conventional Augmentation

The conventional augmentation approach achieved an average test accuracy of 93.48% =+ 1.65%,
with a 95% confidence interval of [91.19%, 95.78%]. On the final run, the model achieved
93.26% accuracy. This improvement suggests that transformations such as flipping, rotation, and
brightness adjustment helped increase visual variability in the training data. However, several
classes still obtained lower performance compared to other classes, such as Anthracnose with a
recall of 0.70 and F1-score of 0.78, and Bird Eye Spot with an Fl-score of 0.82. These results
indicate that conventional augmentation improved model performance but did not fully address
the class imbalance problem.

3.8.3. SMOTE

The SMOTE approach achieved an average test accuracy of 89.21% =+ 1.52%, with a 95%
confidence interval of [87.10%, 91.33%]. On the final run, the model achieved 87% accuracy.
Several classes still showed relatively lower performance, including Anthracnose with an F1-score
of 0.70, Bird Eye Spot with 0.76, and Gray Light with 0.76.

These results indicate that feature-space interpolation was able to improve class balance
and overall classification performance. However, some synthetic feature representations may not
have fully preserved fine-grained disease characteristics, causing overlap between visually similar
classes and contributing to several remaining misclassifications.

3.4. Performance Comparison Between Methods

The performance comparison of all methods is shown in Fig. 7.

The graph is written on a decimal scale of 0—1. Based on the repeated experiments,
DeepSMOTE achieved the highest average test accuracy of 95.73% =+ 2.50%, followed by conven-
tional augmentation with 93.48% + 1.65%, no augmentation with 89.89% =+ 2.56%, and SMOTE
with 89.21% =+ 1.52%. Compared to no augmentation, conventional augmentation, and SMOTE,
DeepSMOTE improved the average test accuracy by approximately 5.84%, 2.25%, and 6.52%,
respectively. The corresponding 95% confidence intervals were [92.26%, 99.20%] for DeepSMOTE,
[91.19%, 95.78%] for conventional augmentation, [86.33%, 93.45%] for no augmentation, and
[87.10%, 91.33%] for SMOTE. Although the confidence interval of DeepSMOTE was relatively
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Fig. 7: Performance comparison of all methods

wider, overlap with conventional augmentation was still observed. These results suggest that
DeepSMOTE generally maintained higher average performance across repeated experiments
within the scope of this study.

The higher average performance observed for DeepSMOTE in this study may be associated
with interpolation in the latent space of the autoencoder, which may help preserve important
structural characteristics of tea leaf diseases while generating smoother and more semantically
consistent variations among minority-class samples. In contrast, conventional augmentation
only modifies existing images without generating entirely new representations for minority
classes. Meanwhile, SMOTE generates synthetic samples through interpolation in the extracted
feature representation space. Although this approach improved class balance, overlapping feature
distributions may still have contributed to several misclassifications between visually similar
diseases.

It should be noted that the comparison between DeepSMOTE and SMOTE in this study
is informative but does not involve identical pipeline structures. DeepSMOTE generates recon-
structed synthetic images through an encoder-decoder framework and performs classification
on image data, whereas SMOTE was applied directly to DenseNet-121 feature representations
followed by a classifier head. Therefore, the observed performance differences should be inter-
preted as reflecting two different interpolation-based balancing pipelines rather than strictly
equivalent implementations. In addition, DeepSMOTE requires additional computational stages,
including encoder-decoder and discriminator training prior to classification, resulting in higher
computational complexity compared to conventional augmentation and SMOTE.

Although DeepSMOTE achieved the highest average performance in this study, the results
should be interpreted with caution because the testing dataset was relatively limited and
performance variations between repeated experiments were still observed, as reflected by the
standard deviation of 2.50% and the corresponding 95% confidence interval. Therefore, the
present findings suggest that DeepSMOTE may provide improved classification performance under
the experimental settings considered in this study, although additional statistical significance
tests and larger test sets would be beneficial to further confirm these observed differences.

4. Conclusions

This study evaluated different augmentation and imbalance handling approaches for tea leaf disease
classification using DenseNet-121 transfer learning. Based on repeated experiments, DeepSMOTE
achieved the highest average test accuracy of 95.73% + 2.50%, with a 95% confidence interval of
[92.26%, 99.20%]. Compared with conventional augmentation, no augmentation, and SMOTE,
DeepSMOTE generally showed stronger performance across repeated experiments within the
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scope of this study. The results suggest that latent-space interpolation in DeepSMOTE may
have contributed to improved minority-class representation and classification performance. These
findings suggest that DeepSMOTE may be a promising approach for handling class imbalance
in tea leaf disease classification. Since this study was conducted using a single dataset with
a relatively limited test set, the results should be interpreted with caution and may not fully
represent the generalization capability of the proposed approach to other datasets. Future
research should evaluate DeepSMOTE on larger datasets and compare it with other imbalance
handling approaches such as focal loss, class weighting, and GAN-based augmentation.
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