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 Plant leaf diseases can reduce crop quality and productivity, making accurate disease 

identification important for supporting plant management. This study evaluates the 
performance of EfficientNetV2-B0 with and without the Convolutional Block 

Attention Module (CBAM) for tea leaf disease classification. The Tea Sickness 

Dataset was examined and preprocessed to address class imbalance. After 
preprocessing, six classes were retained with 90 images per class, resulting in 540 

images. The dataset was divided into training, validation, and testing sets using a 

stratified split of 70%, 10%, and 20%, respectively. Two model configurations were 
evaluated under the same training and testing conditions. EfficientNetV2-B0 

achieved a test accuracy of 92.59%, macro precision of 93.85%, macro recall of 

92.59%, and macro F1-score of 92.61%. In comparison, EfficientNetV2-B0 + 
CBAM achieved 89.81% accuracy, 90.93% macro precision, 89.81% macro recall, 

and 89.68% macro F1-score. The results show that adding CBAM did not improve 

classification performance on the evaluated dataset. Furthermore, CBAM increased 
the number of model parameters without improving test performance. These findings 

indicate that the effectiveness of an attention mechanism depends on the 

characteristics of the dataset and model architecture. Under the experimental 
conditions of this study, EfficientNetV2-B0 without CBAM provided the best 

classification performance. 
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I. INTRODUCTION 

Tea (Camellia sinensis) is one of the agricultural 
commodities with significant economic value, making the 

health of tea plants and the quality of their production 

important to maintain. One of the problems that can affect tea 
plant productivity is the occurrence of leaf diseases. Leaf 

diseases can reduce crop quality and production yield, making 

rapid and accurate disease identification important for 
supporting plant management. Research on tea leaf disease 

classification has shown that the development of deep 

learning methods provides opportunities for automatic 
image-based disease identification [1], [2], [3]. 

The development of computer vision and deep learning has 

encouraged the use of image-based methods for automatic 
plant disease identification. One of the widely used 

approaches is Convolutional Neural Network (CNN), as it can 

learn visual representations directly from images and can 

therefore be used to recognize disease characteristics such as 
color changes, spots, textures, and patterns on leaf surfaces. 

Various studies have applied deep learning approaches to leaf 

disease classification across different plant species and have 
demonstrated good classification performance [4], [5], [6], 

[7], [8], [9]. 

The development of deep learning models has also led to 
the use of lightweight architectures through a transfer learning 

approach. This approach allows models to utilize weights 

learned from large-scale datasets and adapt them to 
classification tasks on specific datasets. The application of 

transfer learning to leaf disease classification has been 

implemented using MobileNet and has demonstrated good 
performance in recognizing several leaf disease classes [10]. 

In tea leaf disease classification, Li et al. (2024) also applied 

fine-tuning and transfer learning strategies to MobileNetV3, 
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while Lien et al. (2025) used EfficientNet-B0 for tea leaf 

disease identification. Other studies have also shown that 
lightweight models with fewer parameters can provide a 

balance between classification performance and 

computational efficiency [11], [12]. 
Although CNN architectures have achieved good results in 

plant disease classification, the ability of models to 

distinguish symptoms with similar visual characteristics 
remains a challenge. Attention mechanisms have therefore 

been widely used to help models assign greater weight to 

feature information considered important. In plant disease 
classification, focusing on channel features and spatial 

locations can help models highlight characteristics related to 

disease symptoms [13], [14]. In tea leaf diseases, complex 
background conditions and similarities in disease 

characteristics also pose challenges for recognition, leading 

several studies to employ attention mechanisms to improve 
feature representation [14], [15], [16], [17]. 

Although various studies have shown that the use of 

lightweight deep learning architectures and attention 
mechanisms can provide good results in plant disease 

classification, their results still vary depending on the 

architecture, dataset, and model configuration used. Li and 
Zhao (2025) used ECA with ResNet50 for tea disease 

identification, while Tang et al. (2025) integrated CBAM into 

a tea leaf recognition model. Nigam et al. (2025) also 
combined CBAM with EfficientNet-B0 to estimate disease 

severity. The differences in architecture and classification 

objectives among these studies indicate that the effect of 
attention mechanisms needs to be evaluated on specific 

architectures and datasets before it can be concluded that they 

improve performance [14], [15], [20]. 
Based on previous studies, attention mechanisms have 

been applied to various architectures for plant disease 

classification, including EfficientNet-B0, ResNet50, and 
models specifically developed for tea leaf diseases. However, 

these studies used different base architectures, datasets, and 

classification objectives, so their results cannot yet be used to 
determine whether adding CBAM to EfficientNetV2-B0 will 

improve performance on the tea leaf disease dataset used in 

this study [14], [15], [20], [3]. Therefore, an experimental 
evaluation is needed to compare EfficientNetV2-B0 without 

CBAM and EfficientNetV2-B0 with CBAM using the same 

dataset and testing configuration. 
Based on the identified problem and research gap, this 

study aims to classify tea leaf diseases using the 

EfficientNetV2-B0 architecture and evaluate the effect of 
adding the Convolutional Block Attention Module (CBAM) 

on classification performance. Two model configurations are 

compared using the same dataset, data split, and training 
parameters so that differences in performance can be observed 

in a more controlled manner. In addition to quantitative 

evaluation using accuracy, precision, recall, and F1-score, this 
study also uses a confusion matrix and Grad-CAM to help 

analyze classification error patterns and provide visual 

interpretations of model predictions. The main contribution of 

this study is a controlled experimental comparison of 

EfficientNetV2-B0 with and without CBAM for tea leaf 
disease classification, providing empirical evidence on 

whether the addition of CBAM improves classification 

performance and model interpretability under the same 
experimental conditions [2], [21], [22]. 

II. METHODS  

A. Dataset and Preparation 

This study uses the Tea Sickness Dataset as the main 

dataset for tea leaf disease classification. The initial stage 

involved examining the dataset structure, the number of 
images in each class, and the data distribution before the 

training process. Dataset inspection and management are 

important steps in plant disease classification because an 
imbalance in the number of images between classes can affect 

the learning process and cause the model to become more 

dominant in learning classes with a larger number of samples. 
Dataset imbalance has also been identified in previous leaf 

disease classification studies, indicating that data 

management and augmentation strategies are needed to 
increase sample diversity and reduce bias toward certain 

classes [18]. In tea leaf disease studies, dataset management 

is also important because differences in the number and 
conditions of images can affect the training process and the 

model's generalization ability [3]. 

The initial dataset used in this study consisted of eight 
classes, namely algal leaf, Anthracnose, bird eye spot, brown 

blight, gray light, healthy, red leaf spot, and white spot. The 

number of images in each class was 113, 100, 99, 113, 98, 74, 
144, and 142 images, respectively. The differences in the 

number of images indicate that the data distribution was not 

balanced, so an adjustment stage was required before the data 
were used for training. Data imbalance is also a common 

problem in leaf disease classification because classes with 

fewer samples may provide more limited feature 
representations than majority classes [18], [1]. 

Based on the results of the dataset examination, the 

Anthracnose and white spot classes were not used in the final 
experiment. The balancing process was then performed by 

setting the number of images to 90 for each class. Classes with 

more than 90 images underwent undersampling, while the 
healthy class, which had 74 images, was increased through 

augmentation-based oversampling until it reached 90 images. 

Thus, the final dataset consisted of six classes, namely algal 
leaf, bird eye spot, brown blight, gray light, healthy, and red 

leaf spot, with a total of 540 images. The use of a combination 

of reducing samples from majority classes and increasing data 
variation in classes with fewer samples is one of the strategies 

used to reduce the effect of dataset imbalance in leaf disease 

classification [18]. 
After the balancing process, the dataset was divided into 

training, validation, and test data using a stratified split with 

proportions of 70% for training, 10% for validation, and 20% 
for test. Stratified splitting was used to maintain the 

proportion of each class in each subset. The resulting split 
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consisted of 372 training images, 60 validation images, and 
108 test images. The separation of training, validation, and 

test data is an approach used in plant disease classification 

studies to measure the model's ability to perform on data that 
are not used during the learning process [1], [5]. 

After the dataset was split, all images were resized to 224 

× 224 pixels to ensure uniform input dimensions before being 
used in the model. For the training data, data augmentation 

was applied, including rotation of up to 20°, horizontal 

flipping, zooming of up to 15%, and brightness adjustment 
within the range of 0.8–1.2. Augmentation was applied only 

to the training data, while the validation and test data were 

used without additional transformations. The use of rotation, 
flipping, zooming, and brightness adjustment has been 

adopted in previous leaf disease classification studies to 

increase image variation and help models handle changes in 
visual conditions [18], [19]. 

B. Model Architecture 

This study uses EfficientNetV2-B0 as the main 
architecture for tea leaf disease classification. The selection 

of this architecture is based on the use of the EfficientNet 

family in previous studies on plant disease and tea leaf disease 
classification. Lien et al. (2025) used EfficientNet-B0 as one 

of the models for tea leaf disease identification, while 

Chowdhury et al. (2026) used the EfficientNetV2 architecture 
for tea leaf disease classification. The results of these studies 

indicate that the EfficientNet family can be used to learn 

visual characteristics of leaf diseases and is one of the suitable 
approaches for plant image classification tasks [23], [3]. 

EfficientNetV2-B0 was used with a transfer learning 

approach using ImageNet pretrained weights. This approach 
allows the model to utilize previously learned feature 

representations so that the learning process can be adapted to 

the characteristics of the leaf disease dataset used in this 
study. The application of transfer learning in leaf disease 

classification has been used in previous studies. Li et al. 

(2024) applied a fine-tuning and transfer learning strategy to 
MobileNetV3 for tea leaf disease identification, while 

Alhammad et al. (2024) used a pretrained model for leaf 

disease classification and integrated Grad-CAM as part of the 
interpretability analysis. These studies indicate that the use of 

pretrained models can be an appropriate approach when a 

model needs to be adapted to a specific plant disease dataset 
[1], [21]. 

After the feature extraction process, the feature output from 

EfficientNetV2-B0 is summarized using Global Average 
Pooling (GAP) before being passed to the classification layer. 

GAP is used to calculate the average value across the spatial 

dimensions of each feature map, resulting in a more compact 
feature representation for the classification process. The 

global pooling approach has also been used in the 

development of plant disease classification models to reduce 
feature dimensions before entering the classification layer [1], 

[3]. In this study, the GAP output is then passed to a Dropout 

layer with a rate of 0.3 and a Dense layer with 256 neurons. 

This structure follows the architectural configuration used in 
the experiment of this study, as shown in Equation (1). 

 

𝑧𝑘 =
1

𝐻 𝑥 𝑊
𝛴𝑖=1

𝐻 𝛴𝑗=1
𝑊 𝐹𝑖,𝑗,𝑘 (1) 

 
After Global Average Pooling, the feature vector is passed 

to a Dense layer with 256 neurons and a ReLU activation 

function. The ReLU function is used to provide nonlinearity 
to the network, allowing the model to learn more complex 

feature representations. The use of ReLU in plant disease 

classification architectures has also been applied in 
lightweight deep learning models [24]. Subsequently, the 

output of the Dense layer is passed to the output layer with a 

softmax activation function to generate the probability of each 
class. The use of a probability-based output layer has also 

been applied in leaf disease classification using deep learning 

architectures [10]. In this study, the output layer consists of 
six neurons corresponding to the number of classes in the 

dataset, as shown in Equation (2). 

𝑅𝑒𝐿𝑈(𝑥) = 𝑚𝑎𝑥(0, 𝑥) (2) 

 

The output of the Dense layer is then passed to the output 
layer with a softmax activation function to generate 

probabilities for each class. The softmax function is used in 

multiclass classification to convert the network output values 
into probabilities whose sum equals one. The softmax 

equation can be written as shown in Equation (3). 

 

𝑃(𝑦𝑖 ∣ 𝑥) =
𝑒 𝑧𝑖

𝛴
𝑗=1   𝑒𝑧,𝑗
𝑐  (3) 

 
To improve the model's ability to emphasize features 

relevant to disease characteristics, this study adds the 

Convolutional Block Attention Module (CBAM) to 
EfficientNetV2-B0. CBAM is an attention mechanism that 

processes features through two stages, namely channel 

attention and spatial attention. The use of attention 
mechanisms in plant disease classification has been applied in 

previous studies, including EfficientNet-based models and tea 

leaf disease models [20], [14], [15]. In this study, CBAM is 
placed after the top activation output of EfficientNetV2-B0 

and before Global Average Pooling. The CBAM process is 

performed sequentially through channel attention and spatial 
attention. The channel attention and spatial attention 

processes can be expressed sequentially as shown in Equation 

(4). 
 

𝐹′ = 𝑀𝑐(𝐹) ⊗ 𝐹 

𝐹′′ = 𝑀𝑠(𝐹′) ⊗ 𝐹′ 
(4) 

 

During the training process, the model uses categorical 

cross-entropy as the loss function to measure the difference 
between the actual labels and the output probabilities of the 

model in multiclass classification. The use of categorical 

cross-entropy in plant disease classification has also been 
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applied in deep learning-based studies with probability 

outputs for each class [24], [1]. In this study, the loss function 
is used for both EfficientNetV2-B0 and EfficientNetV2-B0 + 

CBAM together with the Adam optimizer and a learning rate 

of 0.0001, as shown in Equation (5). 
 

𝐿 = − ∑ 𝑦𝑖  𝑙𝑜𝑔 (𝑦𝑖̂)

𝐶

𝑖=1

 (5) 

C. Training Configuration 

The training process was conducted using two model 
configurations, namely EfficientNetV2-B0 as the baseline 

and EfficientNetV2-B0 + CBAM as the model with the 

attention mechanism. Both models used an input image size 
of 224 × 224 pixels and a batch size of 8. The training 

configurations were kept the same for both models so that the 

performance comparison could be conducted in a more 
controlled manner and differences in the results could be 

attributed to the architectural changes rather than differences 

in training settings. The use of consistent training 
configurations has also been applied in plant disease 

classification studies when comparing several deep learning 

architectures [19], [5]. 
During the training process, image augmentation was 

applied to the training data to increase the variety of samples 

received by the model. The augmentation techniques used 
included rotation of up to 20°, horizontal flipping, zooming of 

up to 15%, and brightness adjustment within the range of 0.8–
1.2. The validation and test data were not given any additional 

augmentation, so the evaluation was performed using images 

that did not undergo transformation during the testing process. 
The use of augmentation on training data to increase image 

diversity and help address data limitations has also been 

applied in leaf disease classification studies [18], [19]. 
During the training process, the initial weights of 

EfficientNetV2-B0 were initialized using ImageNet 

pretrained weights, while the base model was frozen so that 
parameter updates were focused on the added classification 

layers. The use of transfer learning by utilizing pretrained 

models and making adjustments to the required parts of the 
model has been applied in plant disease and tea leaf disease 

classification studies [1], [21]. Subsequently, the model was 

compiled using the Adam optimizer with a learning rate of 
0.0001 and categorical cross-entropy as the loss function. The 

optimizer and learning rate configurations were applied 

identically to EfficientNetV2-B0 and EfficientNetV2-B0 + 
CBAM so that the comparison between the two models was 

conducted under equivalent training conditions. 

The training process was conducted for a maximum of 100 
epochs, with validation accuracy used as the main metric to 

monitor model performance during training. The best model 

was selected based on the highest validation accuracy starting 
from the 10th epoch, and the model weights from the best 

epoch were saved for use in the testing stage. The use of 

validation data as the basis for model selection is an approach 

used in plant disease classification studies to help obtain 

models with better generalization ability [5], [19]. In this 
study, the procedure was applied equally to EfficientNetV2-

B0 and EfficientNetV2-B0 + CBAM so that both models were 

compared under equivalent training conditions. 

D. Model Evaluation 

Model evaluation was conducted using test data that were 

not used during the training process or in selecting the best 
model. The test data consisted of 108 images from six classes, 

with 18 images in each class. The evaluation was performed 

after the best model from each configuration was obtained 
based on validation accuracy. The use of a test set separated 

from the training and validation data is intended to measure 

the model's generalization ability on data that were not used 
during the learning process [5], [24]. In this study, the same 

test set was used to evaluate EfficientNetV2-B0 and 

EfficientNetV2-B0 + CBAM so that the comparison between 
the two models was conducted under the same testing 

conditions. 

Model performance was evaluated using accuracy, 
precision, recall, and F1-score to determine the overall 

classification ability as well as the performance for each class. 

The use of multiple metrics provides a more comprehensive 
evaluation because accuracy indicates the proportion of 

correct predictions overall, while precision, recall, and F1-

score are used to assess the accuracy and ability of the model 
to recognize each class. These metrics have also been used in 

leaf and plant disease classification studies to provide a more 

comprehensive evaluation of model performance [24], [1]. In 
this study, precision, recall, and F1-score were calculated 

using macro averaging so that each class contributed equally 

to the overall evaluation score. 
Accuracy is calculated as the ratio of the number of correct 

predictions to the total number of test data, as shown in 

Equation (6).  
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 +  𝑇𝑁

𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁
 (6) 

 

Precision is calculated as the ratio of the number of correct 

positive predictions to the total number of positive 
predictions, as shown in Equation (7). 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (7) 

 

Recall indicates the model's ability to correctly identify 

actual positive data, as shown in Equation (8). 
 

𝑅𝑒𝑐𝑎𝑙𝑙 = 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (8) 

 

F1-score is the harmonic mean of precision and recall, as 

shown in Equation (9). 
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𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 𝑥 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 (9) 

 

TP (True Positive) represents the number of positive data 
correctly predicted as positive, TN (True Negative) represents 

the number of negative data correctly predicted as negative, 

FP (False Positive) represents the number of negative data 
incorrectly predicted as positive, while FN (False Negative) 

represents the number of positive data incorrectly predicted as 

negative. 
The precision, recall, and F1-score values in this study 

were also calculated using macro averaging, so that each class 

contributed equally to the overall evaluation. The notebook 
implementation uses average='macro' to obtain these three 

metrics for both the baseline model and the CBAM model. 

In addition to the quantitative metrics, a confusion matrix 
was used to show the prediction patterns for each class. The 

confusion matrix compares the actual classes with the 

predicted classes, allowing correct predictions to be identified 
on the diagonal of the matrix and classification errors to be 

identified outside the diagonal. The use of a confusion matrix 

has also been applied in leaf disease classification studies to 
determine the distribution of model errors across classes and 

evaluate the model's ability on data that were not used during 

the learning process [25]. In this study, the confusion matrix 
was used on the test set consisting of six classes to analyze the 

classification error patterns of EfficientNetV2-B0 and 

EfficientNetV2-B0 + CBAM. 
In addition to the confusion matrix, this study uses 

Gradient-weighted Class Activation Mapping (Grad-CAM) to 

provide a visual interpretation of the model's predictions. 
Grad-CAM is used to show the areas in an image that 

contribute to the model's decision, helping to understand 

which parts of the image receive attention during 
classification. The use of Grad-CAM as an interpretability 

approach has been applied in tea leaf disease classification 

and other plant disease studies to examine the relationship 
between image regions and model predictions [2], [21], [22]. 

In this study, Grad-CAM is used to compare the attention 

patterns between EfficientNetV2-B0 and EfficientNetV2-B0 
+ CBAM on one bird eye spot image from the test set. 

 

 
 

 

 

III. RESULTS AND DISCUSSION  

A. Results of Dataset Preparation and Balancing 

The initial examination showed that the Tea Sickness 
Dataset consisted of eight classes, namely algal leaf, 

Anthracnose, bird eye spot, brown blight, gray light, healthy, 

red leaf spot, and white spot. The numbers of images in each 
class were 113, 100, 99, 113, 98, 74, 144, and 142 images, 

respectively. The distribution indicates an imbalance in the 

number of samples across classes, particularly between the 

healthy class and the classes with a larger number of images. 
This condition needs to be considered because data imbalance 

can cause the model to learn more characteristics from 

majority classes and provide less optimal representations for 
classes with fewer samples. Data imbalance is also one of the 

challenges in leaf disease classification that encourages the 

use of augmentation strategies and sample distribution 
management before the training process [18]. 

In the preparation stage, the Anthracnose and white spot 

classes were excluded from the final experiment. 
Subsequently, the number of images in the five classes that 

had more than 90 images was reduced using undersampling, 

while the healthy class, which had 74 images, was increased 
by 16 images through augmentation so that each class 

contained 90 images. Thus, the final dataset consisted of six 

classes with a total of 540 images. Balancing the class 
distribution by reducing samples from majority classes and 

adding variations to classes with fewer samples was used to 

reduce the effect of data imbalance on the model learning 
process [18]. 

The balanced dataset was then divided using a stratified 

split into training, test, and validation data with a ratio of 
70:20:10. The resulting split consisted of 372 training images, 

108 test images, and 60 validation images, with each class 

containing 62 training images, 18 test images, and 10 
validation images, as shown in Table I. Stratified data 

splitting was used to maintain the proportion of each class in 

each subset so that the training and evaluation processes could 
be conducted in a more controlled manner. The approach of 

separating data into training, validation, and test sets has also 

been used in plant disease classification studies to obtain more 
measurable model evaluation results [1], [5].  

 
TABLE I 

DATASET DISTRIBUTION AFTER BALANCING 

Class Training Validation Test Total 

Algal leaf 62 10 18 90 

Bird eye spot 62 10 18 90 

Brown blight 62 10 18 90 

Gray light 62 10 18 90 

Healthy 62 10 18 90 

Red leaf spot 62 10 18 90 

Total 372 60 108 540 

 

After the dataset splitting process, data augmentation was 
applied to the training data to increase the variety of images 

used during the learning process. The applied augmentation 

included rotation of up to 20°, horizontal flipping, zooming of 
up to 15%, and brightness adjustment within the range of 0.8–

1.2. Meanwhile, the validation and test data were not 

subjected to additional augmentation. This process allowed 
the model to obtain more diverse image variations without 

modifying the data used for evaluation. The use of 

augmentation on training data has also been reported to help 
increase data diversity and generalization ability in leaf 

disease classification [18], [19]. 

B. Training Results of EfficientNetV2-B0 
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The EfficientNetV2-B0 model without CBAM was used as 

the baseline model to determine its classification performance 
before adding the attention mechanism. The training process 

was conducted for a maximum of 100 epochs, with validation 

accuracy used as the basis for selecting the best model. At the 
10th epoch, the validation accuracy reached 80.00%, then 

increased to 88.33% at the 18th epoch and 91.67% at the 25th 

epoch. The highest validation accuracy was obtained at the 
71st epoch, reaching 95.00%, so the model at that epoch was 

selected as the best model for the testing stage. The use of 

validation accuracy as a basis for model selection is consistent 
with plant disease classification studies that use validation 

data to monitor the learning process and evaluate the model's 

generalization ability [5], [19]. 
After the best model was selected based on validation 

accuracy, testing was conducted using 108 images from the 

test set. The EfficientNetV2-B0 model obtained a test loss of 
0.2134 and a test accuracy of 92.59%. These results indicate 

that the model was able to correctly classify most of the 

images in the test data. The test accuracy obtained shows that 
EfficientNetV2-B0 can be used as a reasonably strong 

baseline model for leaf disease classification on the dataset 

used in this study. The use of EfficientNet models in plant and 
leaf disease classification has also demonstrated good 

classification performance in previous studies [23], [3]. 

Based on the classification report in Table II, the 
performance of the EfficientNetV2-B0 model varied across 

classes. The healthy class achieved the best results, with 

precision, recall, and F1-score each reaching 1.00. The bird 
eye spot and gray light classes also showed high performance, 

with an F1-score of 0.97 for each class. Meanwhile, the algal 

leaf class achieved a precision of 1.00 but a recall of only 
0.72, whereas the brown blight class obtained a precision of 

0.74 and a recall of 0.94. The differences in the values across 

classes indicate that the model's ability to recognize the visual 
characteristics of each disease was not yet fully consistent. 

The analysis of precision, recall, and F1-score in plant disease 

classification has also been used to examine model 
performance in greater detail for each class [24], [20]. 

The results show that EfficientNetV2-B0 was able to 

achieve reasonably good classification performance without 
the addition of CBAM. However, the performance across 

classes was not yet fully consistent. The most noticeable 

difference was observed in the algal leaf class, which had a 
precision of 1.00 but a recall of only 0.72. This means that 

when the model predicted an image as algal leaf, the 

prediction tended to be correct, but some algal leaf images 
were still predicted as other classes. In contrast, brown blight 

had a recall of 0.94 but a precision of 0.74, indicating that the 

model was relatively capable of identifying brown blight 
images, but some images predicted as brown blight actually 

belonged to other classes. These results show that the overall 

accuracy value does not fully represent the same level of 
model performance across all classes, so per-class metric 

analysis is needed to examine the characteristics of 

classification errors in greater detail [20], [24]. 

TABLE II 

CLASSIFICATION RESULT OF EFFICIENTNETV2-B0 

Class Precision Recall F1-score 

Algal leaf 1.00 0.72 0.84 

Bird eye spot 1.00 0.94 0.97 

Brown blight 0.74 0.94 0.83 

Gray light 0.95 1.00 0.97 

Healthy 1.00 1.00 1.00 

Red leaf spot 0.94 0.94 0.94 

Macro average 0.94 0.93 0.93 

Accuracy 0.93 - - 

 

The evaluation results on the test set show that 

EfficientNetV2-B0 without CBAM achieved good 
classification performance, with a test accuracy of 92.59% 

and a macro F1-score of 0.93. However, differences in 

recognition ability were still observed across classes, 
particularly for algal leaf and brown blight. This condition 

indicates that the baseline model was able to learn the visual 

characteristics of most classes but still encountered 
difficulties with certain classes that had more difficult-to-

distinguish visual characteristics. These findings provide a 

basis for comparing the performance of the baseline model 
with EfficientNetV2-B0 with CBAM in the following section. 

Per-class evaluation metrics such as precision, recall, and F1-

score have also been used in plant disease studies to examine 
model performance in greater detail for each class [24]. 

C. Training Results of EfficientNetV2-B0 + CBAM 

The second model used the EfficientNetV2-B0 architecture 
with the addition of the Convolutional Block Attention 

Module (CBAM). All dataset and training parameter 

configurations were kept the same as those of the baseline 
model, so that differences in the results could be used to 

examine the effect of adding CBAM. In this model, CBAM 

was placed after the top activation output of EfficientNetV2-
B0 and consisted of channel attention and spatial attention 

before the features were passed to Global Average Pooling 

and the classification layer. The use of the CBAM mechanism 
in EfficientNet models has been reported to help the model 

focus on relevant features in disease images, although its 
effect may vary depending on the characteristics of the dataset 

and model configuration [20], [15]. 

The training of EfficientNetV2-B0 + CBAM was 
conducted for a maximum of 100 epochs, with validation 

accuracy used as the basis for monitoring the best model. 

Based on the training results, the validation accuracy 
increased from 45.00% in the first epoch to 85.00% at the 10th 

epoch, then reached 90.00% at the 29th epoch and 91.67% at 

the 31st epoch. The highest validation accuracy was obtained 
at the 37th epoch, reaching 93.33%, so the model at that epoch 

was selected as the best model for the testing stage. After the 

37th epoch, the validation accuracy fluctuated and did not 
exceed this value again. 

After the best model was obtained at the 37th epoch, testing 

was conducted using 108 images from the test set. The 
EfficientNetV2-B0 + CBAM model obtained a test loss of 

0.26697 and a test accuracy of 89.81%. This value was lower 
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than that of the EfficientNetV2-B0 model without CBAM, 
which obtained a test accuracy of 92.59%. Therefore, under 

the dataset and experimental configuration used in this study, 

the addition of CBAM did not improve classification 
accuracy. These results indicate that adding an attention 

mechanism does not automatically improve performance 

when applied to different architectures and datasets. This 
finding differs from the results reported by Nigam et al. 

(2025), who reported improved performance after CBAM 

was added to EfficientNet-B0. Therefore, the effectiveness of 
CBAM needs to be considered based on the characteristics of 

the dataset and the model configuration used. 

Based on the classification report, the performance of 
EfficientNetV2-B0 + CBAM varied across classes. The 

healthy class achieved the highest results, with precision, 

recall, and F1-score each reaching 1.00. The red leaf spot 
class also showed high performance, with an F1-score of 0.97. 

Meanwhile, the algal leaf class had a precision of 0.93, a recall 

of 0.72, and an F1-score of 0.81, while the bird eye spot class 
had a recall of 0.78. These results show that although the 

model with CBAM was still able to recognize several classes 

well, its classification ability was not evenly distributed 
across all classes. The use of precision, recall, and F1-score to 

examine the performance of each class has also been applied 

in plant disease classification studies [1], [20]. 

TABLE III 

CLASSIFICATION RESULT OF EFFICIENTNETV2-B0 + CBAM 

Class Precision Recall F1-score 

Algal leaf 0.93 0.72 0.81 

Bird eye spot 1.00 0.78 0.88 

Brown blight 0.76 0.89 0.82 

Gray light 0.82 1.00 0.90 

Healthy 1.00 1.00 1.00 

Red leaf spot 0.95 1.00 0.97 

Macro average 0.91 0.90 0.90 

  
Based on Table III, the healthy and red leaf spot classes 

showed the best classification performance after the addition 

of CBAM, with a recall of 1.00 for each class. In contrast, the 
algal leaf class still had a recall of 0.72, while the bird eye 

spot class obtained a recall of 0.78. This condition indicates 

that CBAM was not able to improve the classification errors 
in several classes that had also experienced difficulties in the 

baseline model. These results show that the addition of an 

attention mechanism does not always result in improvement 
for every class, as its effect may depend on the feature 

characteristics and visual patterns present in the dataset. This 

finding is consistent with studies showing that model 
performance with CBAM can differ across datasets and 

architectural configurations [13], [20]. 

D. Comparison of EfficientNetV2-B0 and EfficientNetV2-B0 

+ CBAM 

The performance comparison was conducted using the 

same test set, consisting of 108 images from six classes. The 
evaluation was performed on the best model from each 

configuration using accuracy, precision, recall, and F1-score. 

The use of multiple evaluation metrics is necessary to provide 
a more comprehensive overview of model performance 

because the overall accuracy value does not necessarily 

indicate balanced performance across all classes. The use of 
multiple evaluation metrics has also been applied in plant 

disease classification studies to compare model performance 

and examine classification ability for each class [1], [20]. 

TABLE IV 

PERFORMANCE COMPARISON OF THE TWO MODELS 

Model Accuracy Macro Precision Macro Recall Macro F1-Score 

EfficientNetV2-B0 92.59% 93.85% 92.59% 92.61% 

EfficientNetV2-B0 + CBAM 89.81% 90.93% 89.81% 89.68% 

Change −2.78% −2.93% −2.78% −2.93% 

 
Based on Table IV, EfficientNetV2-B0 without CBAM 

achieved higher performance than EfficientNetV2-B0 + 

CBAM across all evaluation metrics. The test accuracy of 
EfficientNetV2-B0 reached 92.59%, while the model with 

CBAM achieved 89.81%, resulting in a decrease of 2.78 

percentage points. A decrease was also observed in macro 
precision, macro recall, and macro F1-score. Macro precision 

decreased from 93.85% to 90.93%, macro recall from 92.59% 

to 89.81%, and macro F1-score from 92.61% to 89.68%. 
These results indicate that under the dataset and experimental 

configuration used in this study, the addition of CBAM did 

not provide an overall improvement in classification 
performance. 

The results of this study show a different pattern from the 

study by Nigam et al. (2025), which reported that adding 
CBAM to EfficientNet-B0 increased the test accuracy from 

92.19% to 96.68%. That study was conducted on a different 
dataset and task, namely wheat rust disease severity 

estimation, so its results cannot be directly equated with those 

of this study. Another study also showed that model 
performance is strongly influenced by the selection of 

architecture, dataset, and experimental configuration [8]. In 

this study, the addition of CBAM instead decreased the test 
accuracy from 92.59% to 89.81%. This difference indicates 

that the effect of the attention mechanism strongly depends on 

the characteristics of the dataset, the base architecture, and the 
experimental configuration used. 

In addition to the differences in classification performance, 

the addition of CBAM also increased the model complexity. 
EfficientNetV2-B0 without CBAM had 6,248,790 

parameters, with 329,478 trainable parameters, whereas 

EfficientNetV2-B0 + CBAM had 6,659,928 parameters, with 
740,616 trainable parameters. Thus, the addition of CBAM 
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resulted in an increase of approximately 411,138 parameters, 

but this increase in complexity was not accompanied by 
improved performance on the test data. This condition 

indicates that the addition of an attention module needs to be 

considered not only based on its potential to improve 
accuracy, but also based on architectural efficiency and the 

number of parameters. Consideration of model size and 

computational efficiency is also important in the development 
of lightweight models for plant disease classification [11], [9]. 

E. Analysis of Confusion Matrix 

The confusion matrix analysis was conducted to determine 
the classification error patterns for each class in the 

EfficientNetV2-B0 and EfficientNetV2-B0 + CBAM models. 

The confusion matrix was generated based on a comparison 
between the actual labels and the predicted results on the test 

set. The test data consisted of six classes with 18 images for 

each class, resulting in 108 images being evaluated. The 
confusion matrix analysis was used as a complement to the 

evaluation metrics to examine the distribution of correct and 

incorrect predictions for each class. The use of confusion 
matrices and classification metrics has also been applied in 

deep learning studies for leaf diseases to evaluate model 

performance in greater detail [20], [1], [7]. 
Based on the confusion matrix in Figure 1, the 

EfficientNetV2-B0 model correctly classified all images in 

the gray light and healthy classes. For the bird eye spot class, 
17 out of 18 images were correctly classified, while one image 

was incorrectly classified. The red leaf spot class also 

obtained 17 correct predictions out of 18 images. Meanwhile, 
classification errors were relatively more noticeable in the 

algal leaf class, which had a recall of 0.72, and the brown 

blight class, which had a precision of 0.74. This pattern shows 
that the baseline model was able to distinguish several classes 

well but still encountered difficulties with certain classes that 

had more difficult-to-distinguish visual characteristics. 
Based on the confusion matrix in Figure 2, the 

EfficientNetV2-B0 + CBAM model correctly classified all 

images in the healthy and red leaf spot classes. However, 
several classes still showed classification errors. The bird eye 

spot class had a recall of 0.78, while the algal leaf class still 

had a recall of 0.72. For the brown blight class, the recall 
reached 0.89. These results show that after CBAM was added, 

several classes still experienced difficulties during 

classification and prediction errors were not completely 
reduced. This condition indicates that the attention 

mechanism does not always improve all classification error 

patterns across every class. 
 

 

Figure 1. Confusion Matrix of EfficientNetV2-B0 

 

Figure 2. Confusion Matrix of EfficientNetV2-B0 + CBAM 

The comparison of Figures 1 and 2 shows that the 
classification error patterns of the two models were not 

completely the same. In the EfficientNetV2-B0 model, the 

bird eye spot class had a recall of 0.94, whereas after the 
addition of CBAM, its value decreased to 0.78. For the algal 

leaf class, the recall remained at 0.72 in both models, 

indicating that the addition of CBAM did not improve this 
class. Meanwhile, brown blight had a recall of 0.94 in the 

baseline model and 0.89 in the model with CBAM. These 

changes show that the addition of CBAM was not able to 
consistently reduce classification errors in the classes that had 

previously experienced difficulties. This result is consistent 

with the overall performance comparison, which shows that 
EfficientNetV2-B0 without CBAM achieved better results 

than the model with CBAM. 

F. Analysis of Grad-CAM 

Gradient-weighted Class Activation Mapping (Grad-

CAM) analysis was used as an additional analysis to examine 

the image areas that received attention from the model during 
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prediction. In this study, Grad-CAM was applied to one bird 
eye spot image from the test set to compare the attention 

patterns of EfficientNetV2-B0 as the baseline model and 

EfficientNetV2-B0 + CBAM. For the baseline model, Grad-
CAM used the output of the top_conv layer, whereas the 

model with CBAM used the output of the spatial_attention 
layer. The use of Grad-CAM to provide visual interpretation 

of model decisions has also been applied in tea leaf disease 

classification and other plant disease classification studies [2], 
[21], [22].

 

   
Original image example (bird eye spot) Grad-CAM Baseline Grad-CAM CBAM 

Figure 3. Grad-CAM Comparison of EfficientNetV2-B0 and EfficientNetV2-B0 + CBAM 

 

Based on the Grad-CAM visualization in Figure 3, there 
were differences in activation patterns between 

EfficientNetV2-B0 and EfficientNetV2-B0 + CBAM on the 

bird eye spot image. Both models responded to different areas 
of the leaf in terms of activation intensity and location, 

indicating differences in the feature patterns used when the 

models generated their predictions. In the model with CBAM, 
the activation pattern was derived from the output of the 

spatial attention layer, whereas in the baseline model, it was 

derived from the top_conv layer. These differences can 
provide additional information for understanding how each 

model configuration utilizes visual features in leaf images. 

The Grad-CAM results in this study were used to support the 
interpretation of the model evaluation results and not as a 

direct measure for determining which model was better. The 

visualization was used to help understand the areas receiving 
the model's attention, which were then compared with the 

accuracy, precision, recall, F1-score, and confusion matrix 

results. 

IV. CONCLUSION 

Based on the results of the tea leaf disease classification 

study using EfficientNetV2-B0 with and without the addition 
of the Convolutional Block Attention Module (CBAM), the 

dataset examination and balancing process resulted in six 

final classes with 90 images per class, resulting in a total of 
540 images. The dataset was then divided using a stratified 

split into 372 training images, 60 validation images, and 108 
test images. The testing results showed that EfficientNetV2-

B0 without CBAM achieved the best performance, with a test 

accuracy of 92.59%, macro precision of 93.85%, macro recall 
of 92.59%, and macro F1-score of 92.61%. Meanwhile, 

EfficientNetV2-B0 + CBAM achieved a test accuracy of 

89.81%, macro precision of 90.93%, macro recall of 89.81%, 
and macro F1-score of 89.68%. The comparison of the two 

models showed that the addition of CBAM did not improve 

classification performance on the dataset used. Test accuracy 
decreased by 2.78 percentage points, from 92.59% to 89.81%. 

In addition, the number of parameters increased from 
6,248,790 in EfficientNetV2-B0 to 6,659,928 in 

EfficientNetV2-B0 + CBAM. Under the dataset and 

experimental configuration used in this study, 
EfficientNetV2-B0 without CBAM was the more effective 

model compared with EfficientNetV2-B0 + CBAM. 
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