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Abstrak

Kopi merupakan salah satu komoditas perkebunan tropis terpenting yang sangat
mendukung dan membantu perekonomian Dataran Tinggi Gayo. Serangan berbagai penyakit
menyebabkan penurunan produktifitas maupun kualitas kopi Gayo secara signifikan. Penelitian
ini mengembangkan model deteksi penyakit daun pada tanaman kopi memanfaatkan metode
Convolutional Neural Network (CNN). Model yang dikembangkan pada penelitian ini
menggunakan dua dataset. Dataset pertama yaitu Penyakit Daun Kopi Gayo (PDKG)
merupakan data citra daun yang sehat dan terserang penyakit diakuisisi pada perkebunan kopi
Gayo. Citra hasil akuisisi dalam dataset PDKG selanjutnya dipreposesing untuk meningkatkan
kualitas citranya. Hasil pelatihan dan pengujian model pada dataset PDKG menunjukan
akurasi sebesar 0.91. Pada dataset public Coffee Leaf Diseases (CLD) model memperoleh
akurasi sebesar 0.95 meningkat sebesar 7,1% dibandingkan dengan studi sebelumnya. Model
hasil penelitian ini dapat membantu petani kopi lokal di dataran tinggi Gayo dalam mendeteksi
penyakit daun sejak dini serta mengelola kesehatan tanaman secara lebih efisien dan akurat.

Kata kunci—Deteksi Penyakit Daun, Tanaman Kopi Gayo, CNN

Abstract

Coffee is one of the most important tropical plantation commodities, significantly
supporting the economy of the Gayo Highlands. Attacks of various diseases can significantly
reduce the productivity and quality of Gayo coffee. This study developed a leaf-disease
detection model for coffee plants using a Convolutional Neural Network (CNN). The model
developed in this study used two datasets. The first dataset, the Gayo Coffee Leaf Disease
(PDKG), comprises 900 images of healthy and diseased leaves collected from Gayo coffee
plantations. The acquired images in the PDKG dataset were then preprocessed to improve their
image quality. The results of model training and testing on the PDKG dataset showed an
accuracy of 0.91. On the public Coffee Leaf Diseases (CLD) dataset, the model achieved an
accuracy of 0.95, a 7.1% increase over previous studies. The resulting model can help local
coffee farmers in the Gayo Highlands detect leaf diseases early and manage plant health more
efficiently and accurately.
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1. INTRODUCTION

Coffee stands among the world’s most vital tropical plantation crops and plays a key
role in Indonesia’s economy. As the fourth-largest coffee producer globally, after Brazil,
Vietnam, and Colombia, Indonesia produced around 774.6 thousand tons in 2021. The
production comprised mainly Robusta (81.2%) and Arabica (18.8%) varieties. This output
marked a 1.62% increase over the previous year's 762.20 thousand tons and is expected to keep
rising. Beyond providing livelihoods for millions of Indonesian farmers, coffee is deeply woven
into the cultural and ecological fabric of major producing regions such as Sumatra, Java, and
Sulawesi [1-4]. Arabica coffee is prized over Robusta for its complex flavor, distinctive acidity,
and unique aroma, which contribute to its higher price in international markets. Within
Indonesia, Aceh province stands out as the leading producer of Arabica coffee, responsible for
nearly 80% of the nation's Arabica output—about 125,000 tons, or roughly 18.8% of total
national coffee production. Arabica varieties flourish best at elevations between 1,000 and 2,000
meters above sea level in cool climates like those of the Gayo Highlands, Aceh [5]. Renowned
for its herbal notes, low caffeine content, and lingering aftertaste, Gayo Arabica coffee is
especially favored in European and American markets.

Nearly all of Indonesia’s Arabica coffee production comes from the Gayo Highlands,
spanning three regencies in Aceh Province: Central Aceh, Bener Meriah, and Gayo Lues. This
region’s coffee has received international recognition through Geographical Indication (GI)
certification since 2010. Data from the Central Statistics Agency (BPS) show that, in 2011, the
total cultivated area reached about 95,000 hectares. Aceh Tengah Regency accounted for 48,500
hectares, yielding an average of 0.68 tons per hectare annually. Bener Meriah Regency
contributed 39,000 hectares with an average yield of 0.78 tons per hectare, while Gayo Lues
Regency had 7,000 hectares producing 0.5 tons per hectare [6]. In Central Aceh Regency alone,
there are 34,576 coffee farmers, each managing an average of 1.4 hectares [7]. Gayo coffee
refers to a coffee variety whose beans are ground to produce a widely enjoyed beverage. Rich in
nutrients, Gayo coffee contains thousands of naturally occurring compounds, including
carbohydrates, nitrogenous substances, lipids, minerals, vitamins, phenolics, and alkaloids.
However, coffee plants cultivated in the Gayo Highlands face persistent challenges from various
diseases that threaten both productivity and quality. Disease outbreaks can diminish coffee
quality, leading to lower market prices. Furthermore, despite ongoing expansion of cultivation
areas, annual productivity has not shown significant growth [8-9].

In 2018, the Baitul Qiradh Baburrayan Coffee Cooperative saw a drop in coffee exports,
recording only 800 tons compared to 1,065 tons in 2017 [9]. According to the Aceh Central
Statistics Agency, overall coffee production in Bener Meriah Regency has increased. However,
this rise does not align with the significant expansion of cultivated land—from 87,533 hectares
in 2010 to 97,796 hectares in 2014. During this period, Gayo coffee production grew only
modestly, from 41,027 tons in 2010 to 42,079 tons in 2014. These trends suggest that declining
productivity, likely caused by diseases and pests affecting Gayo coffee plants, is a major factor
[10-13]. Diseases can affect various parts of the coffee plant, including the leaves, stems, and
roots. Leaf health is commonly assessed by examining color, as it closely reflects chlorophyll
content—an essential pigment for plant processes [14]. For Gayo coffee farmers, it is crucial to
identify specific criteria for assessing plant health and recognizing signs of disease. Accurate
identification of healthy and diseased plants requires clear criteria, particularly through the
examination of coffee leaves for symptoms such as nematode infestation, leaf rust, or leaf spots.
This enables farmers to anticipate and manage disease outbreaks more effectively. While
information on coffee leaf diseases is widely available, the main challenge is to develop tools
that are rapid, accurate, and user-friendly for disease detection.
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This study introduces an automated approach for detecting coffee leaf diseases using
Convolutional Neural Networks (CNNs) and transfer learning to provide fast and accurate
identification for Gayo coffee farmers. The process starts with the collection of images showing
both healthy and diseased coffee leaves—including leaf rust, leaf spot, and nematode
symptoms—using digital cameras or smartphones in field environments. This strategy ensures
that the dataset reflects actual variations in lighting, background, and leaf orientation. Images
are then uniformly resized and normalized to optimize the training process. To further increase
the robustness of the dataset and reduce overfitting, data augmentation techniques such as
rotation, flipping, zooming, and brightness adjustment are applied [15]. The core of the
detection system is the NASNetMobile architecture, a lightweight CNN pre-trained on the
ImageNet dataset, selected for its balance of classification accuracy and computational
efficiency. This makes it especially well-suited for implementation on smartphones and other
devices with limited resources. Model performance is evaluated using metrics like accuracy,
precision, recall, and F1-score to ensure reliable differentiation between healthy and diseased
leaves. The trained model is integrated into a user-friendly, lightweight application, empowering
farmers to capture coffee leaf images and receive instant disease diagnoses. Ultimately, this
solution delivers a practical, efficient, and precise tool for early detection, enabling proactive
disease management and supporting higher coffee productivity.

2. METHODS

This research presents a disease detection model for coffee leaves, structured around
two primary stages: training and testing. The training stage starts with preprocessing to enhance
image quality. To increase the diversity of the dataset, image augmentation is applied, followed
by feature extraction and training of a deep learning convolutional neural network (CNN).
During testing, images are preprocessed and their features extracted using the same CNN
architecture. These extracted features are then classified by the model developed during
training.
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Figure 1. Proposed Method

2.1 Datasets

In this study, we used two datasets, namely : Gayo Coffee Leaves Diseases (GCLD) dan
dataset Coffee Leaf Diseases (CLD).
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- Gayo Coffee Leaves Diseases (GCLD) Dataset

The GCL dataset consists of coffee leaf images collected directly from a plantation in Paya
Tungel Village, Jagong Jeget District, Central Aceh Regency. It contains 900 images, each
sized at 256 x 256 pixels, categorized into three groups: leaf rust (LR), leaf spot (LS), and
healthy leaves (HL). To ensure diversity and representativeness, the collection process
considered varying visual conditions of the leaves. An expert in coffee plant diseases from
the Central Aceh Regency Plantation Office verified the class labels for all images. The
dataset was split into 80% for training (720 images) and 20% for testing (180 images), with
an even distribution among the classes: 300 healthy leaves, 300 with leaf rust, and 300 with
leaf spot. Table 1 presents sample images from each class in the GCLD dataset.

Table 1. Example of Images in GCLD Dataset

No. Images Class
1 LR
2 LS
3 HL

- Coffee Leaf Diseases (CLD) Dataset

The Coffee Leaf Diseases (CLD) dataset comprises coffee leaf images sourced from publicly
available online repositories [16].

Table 2. Example of Images in CLD Dataset

No Images Class
1 LR
2 LS
3 HL
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It contains 1,562 images of varying resolutions, classified into three categories: healthy
leaves (HL), leaf rust (LR), and leaf spot (LS). The dataset includes images captured under
diverse lighting, angles, and backgrounds, ensuring substantial visual variety. Prior to use, all
images were preprocessed—resized to 256 x 256 pixels and relabeled to confirm accurate
class assignment. Label verification was based on visual references of disease symptoms
described in agricultural literature. The CLD dataset was split into 80% for training (1,249
images) and 20% for testing (313 images), with the following class distribution: 466 healthy
leaves, 548 leaf rust, and 548 leaf spot images. Table 2 provides sample images from each
class in the CLD dataset.

2.2 Prepocessing

The preprocessing stage is designed to enhance image quality and prepare data for
model training [17]. By refining images, this step helps the model more effectively identify
important visual patterns—especially in coffee leaf images collected under diverse field lighting
conditions—thereby optimizing overall recognition performance.

*® o

(a) Coffee Leaf Image Before Resizing (b) Coffee Leaf Image After
Resizing
Figure 2. Coffee Leaf Image Beforeand After Resizing

- Resize
All images in the dataset were resized to 128 x 128 pixels to ensure consistency and match
the model’s input requirements. Standardizing image dimensions allows the model to process
data more efficiently and maintain uniformity across the dataset. Figure 2.a illustrates a Gayo
coffee leaf prior to resizing, while Figure 2.b displays the image after this adjustment.

e e

(a) Coftee Leaf Image Before Rescaling  (b) Coffee Leaf Image After Rescaling
Figure 3. Coffee Leaf Image Before and After Rescaling
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Rescale (Pixel Values Normalization)

Image pixel values, originally spanning 0-255, were normalized to 0—1. This step helps speed
up training, improves model stability, and reduces the impact of large pixel values on weight
updates. Figure 3 presents Gayo coffee leaves before and after normalization.

Contrast Adjustment

Contrast adjustment is performed by changing the image brightness within a range of 0.8 to
1.2. This approach helps counteract uneven lighting that often occurs during plantation
image acquisition, enabling the model to more effectively identify important features of the
leaf. Figure 4 illustrates the leaf images before and after contrast adjustment.

(a) Coffee Leaf Image Before Contrast (b) Coffee Leaf Image After Contrast
Adjustment Adjustment

Figure 4. Coffee Leaf Image Before and After Contrast Adjustment

Image Augmentation

Augmentation is used to expand and diversify the training dataset. This process includes
rotation, translation (horizontal and vertical shifts), zoom, and horizontal flipping. By
applying these techniques, the model learns to recognize objects under different conditions
and perspectives, improving its generalization to new data. Figure 5 displays examples of the
augmented images.

2.3 Convolutional Neural Network (CNN)

Following data preprocessing, a Convolutional Neural Network (CNN) is implemented

for detecting leaf diseases in Gayo coffee plants. This method leverages transfer learning by
employing the NASNetMobile architecture, which has been pre-trained on the ImageNet
dataset.

Transfer Learning

The implemented CNN model is based on the NASNetMobile architecture, which is pre-
trained on the ImageNet dataset [18]. This lightweight model is well-suited for image
classification tasks on devices with limited resources. In this setup, the NASNetMobile
layers are frozen (non-trainable) and serve exclusively as feature extractors, without further
retraining.

CNN Model Architecture

The CNN architecture used in this study is composed of several key layers, with
NASNetMobile serving as the base model (excluding its output layer by setting
include top=False) [19]. The architecture features a Conv2D layer with 32 filters, a 3x3
kernel size, ReLU activation, and 'same' padding. To prevent overfitting, a MaxPooling2D
layer with a 2x2 pool size and a Dropout layer with a rate of 0.5 are included. The Flatten
layer transforms the convolutional outputs into a one-dimensional vector. Finally, a Dense
output layer with 3 neurons and a Softmax activation function is used, matching the number
of leaf disease classes.
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- Model Compilation
The model was compiled with the categorical cross-entropy loss function, suitable for multi-
class classification tasks with categorical outputs. Adam optimizer was selected, set to a
learning rate of 0.001. Model performance was evaluated using accuracy, reflecting how well
the model correctly classifies images.

- Training process
Training was conducted over 30 epochs with a batch size of 64. Data augmentation was
applied exclusively to the training set to enhance generalization, while validation and test
sets underwent only rescaling. Both training and validation utilized the flow from dataframe
method.
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Figure 5. Coffee Leaf Image After Augmentation

3. RESULTS AND DISCUSSION

3.1 The Experiments on the GCLD dataset
Throughout training, both accuracy and loss metrics for the training and validation sets
were monitored to track model performance.

Training and Validation Loss Training and Validation Accuracy
= Training loss == Training Accuracy
= Validation loss 090 === Validation Accuracy

14 @ bestepoch= 30 @ bestepoch=29

Accuracy

] 5 10 15 20 25 30 0 5 10 15 2 %5 0
Epochs Epochs
a. Loss b. Accuracy

Figure 5. The loss and accuracy of the model on the GCLD Dataset
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The data revealed a consistent improvement in accuracy and a reduction in loss with each
epoch, with no clear signs of overfitting. Final evaluation on the test set yielded a loss of 0.22
and an accuracy of 0.91. The low loss value reflects the model’s effectiveness in minimizing
prediction errors, while the high accuracy underscores its reliability in classifying Gayo coffee
leaf images. Given the dataset’s visual complexity and the presence of three classes (leaf rust,
leaf spot, and healthy leaves), these results highlight the strong and dependable performance of
the transfer learning-based CNN using the NASNetMobile architecture. Figure 5 presents the
corresponding loss and accuracy on GLCD Dataset.

3.2 Benchmarking using CLD Dataset

This study benchmarks the proposed model against the one developed by Shetty et al.
(2024) [20], which utilized the VGG16 architecture for coffee leaf disease classification on the
CLD dataset and reported a test accuracy of 0.88. In contrast, the model in this work employs
NASNetMobile with additional layers (Conv2D, MaxPooling2D, Dropout, and Dense) and
achieves a test accuracy of 0.95 on the CLD dataset. This 7.06% improvement over Shetty et
al.'s results demonstrates the benefits of using NASNetMobile and an optimized training
strategy. These findings suggest that the improved model architecture and training techniques
adopted in this study lead to superior performance. The loss and accuracy curves for the CLD
dataset are shown in Figure 6.

Training and Validation Loss Training and Validation Accuracy

08

08

02

2 4 L] 8 10

Epochs Epochs

a. Loss b. Accuracy
Figure 6. The accuracy and loss of the model on the CLD Dataset

The confusion matrix analysis reveals that the proposed model achieved higher
classification accuracy across all three target classes compared to previous studies. For the leaf
spot class, the model accurately identified most samples and had fewer misclassifications than
the Shetty et al. (2024) model, which frequently confused leaf spot with leaf rust. In the healthy
leaf class, the proposed model delivered more consistent predictions and produced fewer false
positives, demonstrating an enhanced ability to distinguish healthy leaves from diseased ones.
Regarding the leaf rust class, both models correctly classified most samples, but the proposed
model had a lower misclassification rate. Overall, the confusion matrix indicates that the
proposed model not only achieved a greater number of correct predictions in each class but also
maintained a more balanced distribution of errors. Figure 7 shows the confusion matrix heatmap
on the CLD dataset for the model by Shetty et al. (2024).

The classification report shows that the proposed model performs consistently across all
classes. In the LS class, the precision value of 0.90 and recall of 0.85 are slightly higher than
those of the Shetty et al. (2004) model, which has a precision of 0.88 and a recall of 0.83. In the
HL class, the proposed model achieved a score of 1 in precision, recall, and F1-score.
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Figure 7. Confusion Matrix heatmap on the CLD dataset obtained

Meanwhile, in the LR class, the proposed model achieved a precision of 0.86 and a recall of
0.91, slightly outperforming the Shetty model, which had a precision of 0.84 and a recall of
approximately 0.89. Although this difference is relatively small, it still suggests that the model
can reduce cross-prediction errors between leaf rust and leaf spot.

Table 3. The Proposed Model Classification Report on the CLD dataset

Class Precision Recall F1- Score Support
LS 0.90 0.85 0.88 33
HL 1.00 1.00 1.00 23
LR 0.86 0.91 0.89 34

Overall, the proposed model shows improvements in all metrics compared to the previous
research model, both in the ability to recognize each class and in maintaining a balance between
precision and recall. This has a direct impact on improving overall accuracy and classification
accuracy on the test data. The proposed model classification report in detail on the CLD dataset
is shown in Table 3.

4. CONCLUSIONS

The proposed Gayo coffee leaf disease detection model exhibited robust classification
capabilities. On the GCLD dataset, it achieved an accuracy of 0.91, while testing on the CLD
dataset reached 0.95—representing a 7.1% improvement over previous studies. The results also
indicated that factors such as lighting and shooting distance have a notable impact on detection
accuracy, as demonstrated by the more consistent image quality and performance on the CLD
dataset. To further enhance model performance and generalizability, expanding the size and
diversity of training datasets is recommended. Additionally, optimizing hyperparameters like
learning rate, batch size, and number of epochs can help achieve optimal results. Comparing
alternative CNN architectures, including MobileNetV2, EfficientNet, or ResNet, may also
identify the most effective approach.
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