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Abstract

Coffee is one of Indonesia's main commodities and an important agricultural sector for the economy. However, one
of the challenges in coffee cultivation is disease. Improper and delayed treatment can cause leaf damage and death
of coffee plants. This study aims to detect disease types on coffee leaves using a deep learning CNN approach and
lightweight CNN architectures such as MobileNet and EfficientNet variants. This study also applies traditional image
augmentation and OpenCV. The results of EfficientNetV2S and EfficientNetV2L achieve 95-98% accuracy with
stable precision and recall in almost all classes, although minority classes remain challenging. The MobileNetV3
architecture showed optimal results with 99% accuracy in all variants (Small, Large, and Small with OpenCV
augmentation). The research model was verified using local coffee leaf images Bumi Pajo. These findings confirm
that MobileNetV3 not only excels in terms of accuracy but also has the potential to be applied to mobile device-based
or Internet of Things (IoT) coffee leaf disease monitoring systems. With high accuracy and low computational
requirements, this model can support real-time disease detection in the field, helping farmers and agricultural
practitioners make quick and accurate decisions in disease control.
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1. INTRODUCTION

Coffee is a cultivated plant in more than 80 countries and considered a high economic value plant
[1]. In additional, coffee contains compounds rich in antioxidants, anti-inflammatory and has anti-cancer
potential [2] and decreases the risk of diabetes, cardiovascular and liver [3] [4]. Coffee is the most
consumed drink in the world, recorded consumption in 2021-2022 reached nearly 176 million 60-
kilogram bags [5]. Every day at least 2.25 billion cups are consumed [6]. Coffee culture with production
is the second largest world commodity after oil [7]. Coffee is an agricultural commodity and superior
product that contributes greatly to Indonesia's foreign exchange [8]. Indonesia exported 342 thousand
tons from January to September 2024 [9].

Bumi Pajo, Bima Regency is a coffee producer in West Nusa Tenggara. Coffee produced has the
potential to be developed on a national and international scale. However, coffee quality and productivity
is influenced by various factors [10], one of the main challenges in coffee cultivation is disease attack.
Diseases on coffee leaves often pose a threat to Bumi Pajo coffee farmers, Some types of diseases are
Miner (insect borer attack), Phoma (Phoma fungal infection), Red Spider Mite (red mite), and Rust (leaf
rust caused by Hemileia vastatrix). Understanding the factors is critical to producing quality coffee and
optimizing sensory and potency [11]. Inappropriate and untimely treatment can lead to leaf damage and
death of coffee plants. Identifying and quantifying diseases in plants is important in phytology, this is
to understand the cause and manage the disease effectively. A technology-based system is needed to
detect diseases on coffee leaves quickly and efficiently so that appropriate actions can be taken.
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The utilization of technology in plant disease detection can be an innovative solution [12]. Deep
learning is an artificial intelligence method that can be used to solve various problems and handle image
detection [13]. Deep learning results accurate and effective in various applications and diagnosis such
as classification, object detection, segmentation and enhancement [14],[15]. Previous research explored
various approaches for detection in health fields such as malaria [16], eye [17], cardiovascular [18] and
agriculture [19] such as chili [20], tomato [21], [22]. One of the widely used deep learning approaches
is CNN [14]-[21]. Some types of CNN models that are commonly used are ¢ Another approach used to
detect objects or diseases is YOLO [31],[32]. Lightweight CNN architectures such as MobileNet and
EfficientNet are highly relevant in the development of image-based automated disease detection
systems, CNNs have been proven to improve automated diagnosis capabilities [33].

Detection is error-prone, so in-depth knowledge of disease characteristics is required. Diseases
on coffee leaves can be similar but caused by different pathogens, such as spotting caused by Phoma
and Rust. In addition, problems such as limited datasets and limited computing power and memory will
cause errors in identification. Incorrect identification can lead to inappropriate treatment. Feature
extraction techniques can help distinguish the unique characteristics of each disease by utilizing
analytics such as color, texture and leaf edges. Feature extraction can simplify input data and improve
model efficiency. Feature extraction is an important aspect in image processing to aid recognition and
detection tasks [34]. Previous research applied feature extraction to improve the model's ability to detect
[23]-[26].

Standard augmentation methods with low variability values cannot represent the complexity of
image variation in real field conditions. Therefore, it is necessary to compare it with the OpenCV-based
augmentation approach, which is closer to field conditions with model generalization capabilities.
OpenCV is a popular library that can be used in various applications in image processing [39],[40].
OpenCV has optimized image processing to be faster and more efficient [41], besides allowing
normalization and reducing the risk of overfitting with data augmentation, thus improving the quality of
the dataset for model training. OpenCV enables real-time quality monitoring, thereby preventing
material waste [42]. Previous research applied OpenCV because it has lightweight computing and is
important in mobile applications with hardware limitations [43],[44],[45].

This study utilizes deep learning to detect types of coffee leaf diseases based on images of infected
coffee leaves. The contribution of this study is the use of a local dataset of Bumi Pajo coffee leaves. In
addition, this study utilizes OpenCV Feature Extraction to improve the accuracy of deep learning models
in detecting diseases on coffee leaves. This study also implements and compares several CNN models
with architectures to determine the best model for detecting diseases on coffee leaves. The combination
of deep learning with OpenCV augmentation ensures that this research can be developed into a highly
efficient mobile application prototype. This is expected to help farmers quickly and accurately identify
diseases on coffee leaves, thereby supporting digitalization and sustainable smart agriculture.

2. METHOD

This study uses an experimental research design that focuses on detecting types of coffee leaf
diseases as input for computational processing. This study uses a deep learning approach with CNN,
MobileNet and EfficientNet. The computational process uses Google Colab with cloud-based GPU. This
study utilizes preprocessing libraries such as OpenCV to process coffee leaf images. The proposed
methodological stages in this study can be seen in Figure 1, starting from the collection of coffee leaf
images to model evaluation.
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Figure 1. Proposed Method

2.1. Dataset

This study uses a dataset of coffee leaf images, this dataset consists of about 3,766 which come
from open-source data. This dataset includes images of healthy coffee leaves and leaves affected by
Miner's disease, Phoma, Red Spider Mite, Rust. 400 test data, 368 validation data and data of local
coffee leaf images from Bumi Pajo plantation in Bima Regency. At this stage, the image parameters are
initialized with a size of 96x96 pixels, number of channels = 3, color mode = RGB, batch size = 16.
Next, prepare the dataset using the tf.keras.preprocessing.image dataset from directory library. Image
files from the folder will automatically be labelled according to the subfolder name, then the data order
will be randomized. Figure 2 shows the input image subfolders used, Figure 3 presents a visual
representation of several classes in the coffee leaf disease dataset. It shows the unique characteristics
that form the basis of the classification process, such as yellow-orange spots on leaves for the Rust class
and green leaves without damage for the Healthy class. This image visualization aims to provide an
initial overview of the condition of coffee leaves used as training data.

Healthy Miner Phoma Red Spider Mite Rust

Figure 2. Coffee Leaf Image

Phoma Healthy Miner

Figure 3. Sample Coffee Leaf Image
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2.2. Preprocessing

Preprocessing is performed to improve the diversity and quality of deep learning model training
[46], [47]. In the preprocessing stage image resized, the input image size becomes 224 x 224 pixels, and
all pixel values (0-255) are divided into 0—1. This size is widely used as a standard input model in image
processing research [48], [49], [50], as it is considered to be a good balance between preserving
important details and remaining computationally efficient without requiring excessive memory. This
step is important for more stable training to avoid large numbers that can cause gradient explosions,
augmentation enriches the data so that it can improve accuracy by creating variations of images [13],
[46], [47], [S1]. This aims to allow data variation and reduce overfitting by applying augmentation
techniques such as rotation, flipping, zooming, and lighting changes Using the TensorFlow.Keras
ImageDataGenerator library. Figure 4 shows the application of augmentation to images of coffee leaf
disease.
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Figure 4. Dataset Augmentation

The process begins from randomly rotating the image horizontally and vertically using
RandomFlip(“horizontal and vertical’), an augmentation strategy Figure 4. Next, the image is
randomly rotated up to 23 degrees, enlarged or reduced up to +30%, and shifted along the vertical and
horizontal axes with the same shift limits. Additionally, the image height is randomly adjusted by £30%,
and the image contrast level is randomly adjusted to 90% of its original value. Empty areas resulting
from the transformation are filled with nearby pixels to maintain image integrity. The augmentation
process is performed dynamically each time a data batch is processed, so that at each training epoch, the
model sees new variations of the same image, which ultimately helps improve the model's generalization
ability to previously unseen data.

This study compares the results of image augmentation using the OpenCV method with
conventional augmentation using the deep learning library. OpenCV one of the free libraries widely
used in various image and video processing applications [52]. OpenCV is also effective for text
extraction from natural scene images when combined with Convolutional Neural Networks, providing
better performance and time complexity compared to traditional multi-stage approaches [53]. OpenCV
provides a variety of more adaptive image preprocessing techniques such as Gaussian Blur,
thresholding, edge detection, and morphological transformation. The quality of leaf images is improved
by reducing noise, sharpening leaf edges, and normalizing lighting. Color space conversion from RGB
to HSV/Y CbCr helps highlight color differences so that disease symptoms such as spots or discoloration
of leaves can be better identified.

Figure 5 represents dataset augmentation with OpenCV, OpenCV generates more diverse
transformation variations such as random angle rotation, translation, color intensity changes, and blur
effects, which directly increase the model's robustness against image conditions.
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Figure 5. Dataset Augmentation OpenCV

2.3. Modelling

Previously, the dataset was split into three sections for CNN method comparison purposes. CNN
is one of the artificial neural network algorithms that is often used in various applications, such as object
classification and recognizing patterns and features from input data such as images [49]. In addition,
previous studies have used CNN to support smart agriculture [54]. Figure 6 shows the CNN architecture.
CNN consists of several layers, including convolution layers that extract hierarchical spatial features,
pooling layers that reduce dimensions while retaining important features, and fully connected layers that
synthesize these features into final predictions [33].

N
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Image layer layer layer Fully
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Figure 6. CNN Arsitektur

As development progresses, several CNN architectures have been proposed with the aim of
improving accuracy, efficiency, and computation, such as lighter architectures like MobileNet and
EfficientNet. Due to their high computational efficiency, MobileNet and EfficientNet enable real-time
inference on devices with limited resources [55]. In recent studies, MobileNet and EfficientNet have
become popular choices as CNN backbones for several tasks.

MobileNet is a family of lightweight CNNs designed specifically for mobile and embedded
devices with limited resources. The main idea is depthwise separable convolution, which separates
standard convolution into two stages: depthwise and pointwise operations [56]. MobileNetV2 refines
this design by introducing an inverted residual structure and linear bottleneck, which improves
representation capabilities while maintaining efficiency [55]. MobileNetV3 is the result of optimization
through Neural Architecture Search (NAS) and architecture adaptation algorithms (NetAdapt), adding
squeeze-and-excitation modules and new activation functions to further improve performance on limited
devices [55]. This combination of techniques makes MobileNet ideal for medical imaging applications
where lightweight and fast models are required.

EfficientNet is one of the CNN architecture families introduced by Tan and Le (2019) with an
advanced model scaling approach. Its main innovation is the concept of compound scaling, which scales
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depth, width, and input resolution simultaneously with optimized coefficients. This model can balance
all these dimensions to achieve optimal performance. In addition, Tan et al. used Neural Architecture
Search to find the optimal base architecture, then scaled the model into a series of EfficientNets.
EfficientNet is capable of achieving very high accuracy with a relatively small number of parameters
and computations [57] [55].

This split was intended to ensure that the model could be trained optimally, validated to prevent
overfitting, and tested to evaluate performance objectively. The data was divided into 80% training data,
10% testing data, and 10% validation data [49], [58], [59]. Modelling using Tensorflow.keras, a pre-
trained Convolutional Neural Network model using the /mageNet dataset. The model is loaded without
its top classification layer (include top=False) so that it can be used as a feature extractor, and the input
size is set to (96, 96, 3) according to the image dimensions of the dataset. All weights are locked
(trainable=False) so that during training only the newly added layers are updated, while the original
weights are retained to leverage the knowledge from pre-training. The base model output is processed
through Global Average Pooling 2D, followed by three Dense layers (512, 256, 128 units, ReLU) and
a Softmax output layer with 5 neurons for five-class classification. The model was trained using the
Adam optimizer with an initial learning rate of 0.001. In addition, a callback with Early Stopping At
Max Accuracy stopped training when the accuracy reached 99% to control training adaptively, while
verbose = 1 displayed training progress at each epoch. Training uses the Exponential Decay learning
rate schedule decay steps=10000 and decay rate=0.9, the Sparse Categorical Crossentropy loss
function, and the accuracy metric. The model is trained for 25 epochs with a batch size of 16 using
training and validation data to monitor model performance.

2.4. Model Evaluation

At this stage, model performance is evaluated using a Confusion Matrix. Several parameters are
used accuracy, precision, recall, and F1 score [58]. This evaluation aims to compare the performance of
CNN, MobileNet, and EfficientNet architectures in classifying coffee leaf diseases. These evaluation
metrics provide a diverse approach to assessing model performance [60]. Accuracy describes the
proportion of correct predictions overall but tends to be sensitive to imbalances in the amount of data in
each class. Recall assesses the model's ability to recognize all samples from a class, so it is important to
minimize omission errors. Precision evaluates the accuracy of positive predictions, thereby reducing
false positive errors. Meanwhile, the F1 score is the harmonic mean of precision and recall, which is
ideal for use on datasets with imbalanced class distributions. components of the confusion matrix:

TP+ TN

Accuracy = _——— M
Recall = i @
TP + FN
Precision = r 3
TP + FP

Precision + Recall
F1 —score = 2x —— 4

Precision + Recall

Where:

o TP (True Positives): Correctly predicted positive cases

o FP (False Positives): Negative cases incorrectly predicted as positive
o TN (True Negatives): Correctly predicted negative cases

o FN (False Negatives): Positive cases incorrectly predicted as negative
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3. RESULT

3.1. Inisialisasi Parameter dan Dataset

Dataset used is a collection of coffee leaf images with five class categories, namely Healthy,
Miner, Phoma, Red Spider Mite, and Rust. Each category represents a specific condition of coffee
leaves, whether healthy or infected with certain diseases or pests. Labeling was performed by assigning
class labels to each image based on the condition of the leaf. The data distribution shown in Figure 7
indicates that the Rust class has the highest number of data points, with 1,207 images (32.0%), followed
by the Healthy class with 1,191 images (31.6%). The Miner class has 717 images (19%), the Phoma
class has 484 images (12.9%), while the class with the least amount of data is Red Spider Mite with 167
images (4.4%).
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Figure 7. Dataset Augmentation

3.2. Modelling

The modeling process was carried out in several stages to test several model architectures, such
as image preprocessing techniques and data augmentation strategies. The architectures used included
conventional CNN, MobileNet and EfficientNet, each of which was selected to evaluate the performance
differences between the baseline model, a lightweight model with high efficiency, and a model with
compound scaling for performance optimization. Data augmentation techniques such as rotation,
flipping, and zooming were applied to expand the diversity of the dataset. Additionally, preprocessing
methods like image resizing and normalization were applied to ensure consistent input across all models.
This approach enables a comprehensive evaluation of the contribution of each factor architecture,
augmentation, parameter configuration, and the same test data proportion to the model's performance in
detecting coffee leaf disease.

3.2.1. Convolutional Neural Network (CNN)

The CNN model training process shown in Figure 8 shows a loss trend curve that indicates a
consistent downward trend in both training loss and validation loss. At the beginning of training, the
loss value is quite high, but it gradually decreases, indicating that the model is gradually minimizing
prediction errors. The best epoch for loss is achieved at epoch 25, indicating the optimal performance
point in minimizing errors in the validation data. Meanwhile, the accuracy graph shows a steady
improvement in model performance, with validation accuracy generally exceeding training accuracy.
The best accuracy value is achieved at epoch 24, exceeding 90%. Overall, the CNN model can learn
effectively and produce good performance on validation data.
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Figure 8. Training History CNN
3.2.2. EfficientNet

Based on the training results presented in Figure 9, EfficientNetV2L shows a steady increase in
accuracy until it reaches an optimal point of 97% at epoch 24, with very high validation accuracy and
consistent loss reduction. Meanwhile, EfficientNetV2S also showed good performance, but the optimal
point was reached earlier, namely 95% in the epoch 18. Although the validation accuracy of
EfficientNetV2S is relatively high, EfficientNetV2L is slightly superior in maintaining performance
stability in the final epochs, as seen from the smaller gap between training and validation loss. This
indicates that EfficientNetV2L has better generalization than EfficientNetV2S, especially on validation
data. Thus, in this case, EfficientNetV2L can be considered more optimal in terms of overall stability
and accuracy, even though EfficientNetV2S has a faster convergence speed.

EfficientNetV2S EfficientNetV2L

Training and Validation Loss Training and Validation Accuracy Training and Validation Loss Training and Validation Accuracy

— Taining accurae

— Validation Accuracy
@ bestepuch= 18

» 1 1 1
Epoths Epoths Epochs Epachs

Figure 9. Training History EfficientNet
3.2.3. MobileNet

The results of MobileNetV2 training in Figure 10 show a relatively consistent decrease in training
loss and validation loss until the best epoch at epoch 24. Validation accuracy reached a value of around
84%, lower than MobileNetV3-S and MobileNetV3-L, both of which were able to reach close to 99%.
The curve pattern shows significant fluctuations in validation loss, particularly in the early epochs,
which may indicate that the model is more sensitive to variations in the validation data. In MobileNetV3-
S, training loss and validation loss decrease consistently until they approach zero at epoch 16, which is
the best epoch.

Validation accuracy reached a peak value of around 99% at that epoch, with a relatively smooth
loss curve and a slight difference between training and validation, indicating that the model learned
efficiently without significant overfitting. Meanwhile, MobileNetV3-L also showed a good loss
reduction trend, with the best epoch for the loss metric at epoch 21 and the best epoch for accuracy at
epoch 15. Validation accuracy also reached around 99%, but the loss curve in the early training phase
showed slightly higher fluctuations compared to MobileNetV3-S and required more epochs to achieve
full stability.
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Figure 10. Training History MobileNet

Based on the training results, all three models showed a trend of increasing accuracy and
decreasing loss as the number of epochs increased, but with different characteristics. MobileNetV3-S
reached its optimal point faster at epoch 16 with a validation accuracy of 99% and a smooth loss curve,
reflecting high training efficiency. MobileNetV3-L takes longer to stabilize, with the best accuracy at
epoch 15 and loss at epoch 21, but it is still able to achieve accuracy comparable to MobileNetV3-Small.
Meanwhile, MobileNetV2 shows lower performance with a maximum validation accuracy of 84% at
epoch 24, as well as relatively large fluctuations in validation loss, especially in the early stages of
training. MobileNetV3-S offers faster training efficiency, while MobileNetV3-Ltends to require more
resources and training time.

3.2.4. MobileNet With OpenCV

The experiment in this study also applied OpenCV for image augmentation. Figure 11 shows the
training model using MobileNetV3-S. The training model diagram results were excellent, as indicated
by a decrease in training loss and a significant increase in accuracy. At epoch 18, the model achieved
its best performance with the lowest validation loss and highest validation accuracy, which remained
stable until the end of training. The balanced curve pattern between the training and validation data also
indicates that the model did not experience overfitting, so it can be concluded that the model's
performance is highly optimal and capable of generalizing well to new data.

Training and Validation Loss Training and Validation Accuracy

08 — Training loss 100
— validatian loss
@ ‘bestepoch=18

Accuracy

= Training Accuracy
— Validation Accuracy

065 @ best epach= 18
0 5 10 15 20 2 o s 10 15 20 2
Epochs Epochs

Figure 11. Training MobileNet with OpenCV
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3.3. Evaluation

The results of the evaluation of several models are presented in Table 1, with the main metrics
used being accuracy, precision, recall, and F1-score. In the table, the Class and Support columns show
the distribution of test data for each class. The accuracy value describes the level of prediction accuracy,
while precision assesses the extent to which positive predictions are truly relevant. Recall indicates the
model's ability to detect all positive samples, while the Fl-score represents the balance between
precision and recall. This comparison provides an overview of which models perform well in
recognizing data patterns, while also highlighting the varying effectiveness of each algorithm across the
available class distributions. By analyzing these metrics, the model's ability to accurately detect objects
can be evaluated, and classification errors can be identified.

Table 1. Model Evaluation

Method Class Support  Accuracy Precision Recall F1 score
CNN Healthy 137 91 99 94
Miner 74 99 100 99
Phoma 52 93 100 100 100
Red Spider Mite 16 80 25 38
Rust 121 90 88 89
EfficientNetV2S Healthy 129 93 100 97
Miner 77 95 100 97
Phoma 59 95 100 95 97
Red Spider Mite 13 90 69 78
Rust 122 97 91 94
EfficientNetV2L Healthy 121 97 100 98
Miner 93 100 100 100
Phoma 50 98 100 100 100
Red Spider Mite 22 83 91 87
Rust 114 100 95 97
MobileNetV2 Healthy 111 73 81 77
Miner 90 87 90 89
Phoma 45 82 92 98 95
Red Spider Mite 20 100 20 33
Rust 134 83 81 82
MobileNetV3S Healthy 138 100 100 100
Miner 73 100 100 100
Phoma 46 99 100 100 100
Red Spider Mite 12 100 92 96
Rust 131 99 100 100
MobileNetV3L Healthy 125 100 99 100
Miner 71 100 100 100
Phoma 51 99 100 100 100
Red Spider Mite 14 100 100 100
Rust 139 99 100 100
Method Class Support  Accuracy Precision Recall F1 score
MobileNet Healthy 125 100 100 100
OpenCV Miner 70 100 97 99
Phoma 53 99 98 100 99
Red Spider Mite 17 100 100 100
Rust 137 99 100 100
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The evaluation results in Table 1 show that model performance varies between methods. The
CNN and MobileNetV2 models still show limitations, especially in the Red Spider Mite class, with low
recall and F1-score values due to limited data. Improved performance is observed in EfficientNetV2S
and EfficientNetV2L, achieving accuracy of 95-98% with stable precision and recall across nearly all
classes, though minority classes remain challenging. Meanwhile, the MobileNetV3S and
MobileNetV3L models showed the best performance with 99% accuracy and nearly perfect precision,
recall, and F1-score values across all classes, concluding that MobileNetV3 is the best architecture in
this study.

3.4. Coffee Leaf Disease Prediction

In addition, to strengthen the validation of the results, this study also presents examples of
visualizations of predictions from several models on local datasets. Figure 12 shows several samples of
coffee leaves with actual labels and prediction results using the MobileNetV3 architecture, which
successfully classified the condition of the leaves with high accuracy. In general, the models were able
to identify leaf disease classes well, as indicated by the agreement between the ground truth labels and
the prediction results in most samples. For example, healthy leaves and those infected with Rust, Miner,
and Phoma were accurately classified by almost all models. However, some prediction errors also
occurred, such as the EfficientNetV2S model incorrectly identifying Rust-class leaves as Miner. This
visualization shows that while the performance of the models, particularly MobileNetV3S and
MobileNetV3L, is already very good with high accuracy, challenges still arise for classes with similar
visual characteristics or limited data, such as Red Spider Mite.
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Pred: Rust _ Pred: Rust Pred: Rust Pred: Miner

Prediksi EfficientNetV2L

Asli: Rust Asli: Healthy Asli: Miner Asli: Healthy Asli: Rust
Pred: Rust Pred: Healthy Pred: Miner Pred: Rust Pred: Rust
A ' :

Prediksi MobileNetV3S

Asli: Red Spider Mite Asli: Rust Asli: Healthy Asli: Rust Asli: Healthy
Pred: Red Spider Mite Pred: Rust Pred: Healthy Pred: Rust Pred: Healthy i

' o] © |

Prediksi MobileNetV3L

Asli: Rust Asli: Phoma Asli: Healthy Asli: Miner
Pred: Rust Pred: Phoma Pred: He: Pred: Miner

® A

Prediksi MobileNetV3S with OpenCV

Asli: Rust Asli: Miner Asli: Miner Asli: Healthy Asli: Healthy
Pred: Rust Pred: Miner Pred: Miner Pred: Health Pred: Healthy
i Lo

Asli: Miner
Pred: Miner

Flgure 12. Coffee Leaf Dlsease Predlctlon
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4. DISCUSSIONS

This study developed an efficient model for detecting coffee leaf disease by utilizing CNN
architecture, specifically the EfficientNet and MobileNet variants. In addition, this study also compared
the performance of several modern architectures and applied image augmentation with OpenCV to
improve the model's generalization capabilities. Figure 13 presents a comparison, the results of the
experiment showed that the use of a lighter but optimal architecture, such as MobileNetV3, was able to
produce very high accuracy while being computationally efficient [30], [61]. Making it ideal for
implementation on devices with limited resources, such as loT-based monitoring systems or mobile
applications. The comparison of the research shown in Table 2:

Comparison of Model Accuracy
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Figure 13. Comparison Model

Table 2. Model Comparison Evaluation

Model Accuracy
Resnet-50 [62] 96%
CNN [63] 88%

CNN [64] [24] 97%
MobileNet [65] 97%
MobileNetV3 99%

Table 2 presents a comparison of the research results with previous studies. The results show that
the conventional CNN model has an accuracy of 88% to 97%, The results of the experiment show a
trade-off between accuracy and computation time. While the MobileNetV3 architecture shows the most
optimal results with an accuracy of 99% across all variants (Small, Large, and Small with OpenCV
augmentation), the main advantage of this architecture lies in its lightweight and efficient design, which
requires shorter training and inference times compared to EfficientNetV2L. Conversely,
EfficientNetV2L has a much larger number of parameters and network complexity, which results in
longer computation time, both in the training and inference stages, despite its potential to deliver
competitive performance.

These findings confirm that MobileNetV3 offers a more optimal balance between accuracy and
computational efficiency, especially for real-time and mobile-based implementations, while
EfficientNetV2L is more suitable for computing environments with large resources and looser time
constraints. These findings confirm that MobileNetV3 is not only superior in terms of accuracy but also
computationally efficient, making it more suitable for real-world implementation.
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5. CONCLUSION

This study developed an efficient model for classifying images of coffee leaf diseases to support
Smart Agriculture by utilizing Convolutional Neural Networks (CNN) with EfficientNet and MobileNet
architectures. This study also compared the application of augmentation and OpenCV. In addition, this
model achieved the highest accuracy compared to traditional CNN architectures. Experimental results
show that the performance of EfficientNetV2S and EfficientNetV2L achieves stable accuracy, precision,
and recall in almost all classes. Meanwhile, the best models observed, MobileNetV3S and
MobileNetV3L, show the best performance with 99% accuracy and near-perfect precision, recall, and
F1-score values in all classes. Further research can be expanded to explore data augmentation methods
and make them more suitable for real-world implementation. MobileNetV3 has the potential to be
applied to real-time coffee leaf disease detection systems based on Android mobile devices or the
Internet of Things (IoT). With high accuracy and low computational requirements, this model can
support real-time disease detection in the field, thereby helping farmers and agricultural practitioners
make quick and accurate decisions for disease control.
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