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ABSTRACT. Indonesia, as one of the largest coffee producers, faces challenges in as-
sessing the quality of green arabica coffee beans before roasting. Conventional classifica-
tion methods rely on manual inspection by experts, which is subjective, time-consuming,
and inconsistent. Previous research predominantly used single-model architectures, ei-
ther CNN-based for local feature extraction or Transformer-based for capturing global
representations. However, single model approaches often struggle to effectively combine
both feature types, limiting their ability to achieve optimal classification performance. To
address this limitation, this research proposes a hybrid model combining CNN and Trans-
formers to enhance classification accuracy by leveraging both local and global feature rep-
resentations. Hyper-parameter tuning was also performed to optimize model performance.
Using the USK-Coffee dataset, experimental results show that the hybrid model outper-
forms single-model approaches, achieving the highest accuracy of 91.88%. These findings
highlight the effectiveness of the hybrid model in capturing local and global features, lead-
ing to improved classification performance and a more robust quality assessment system.
By integrating local and global features, this approach provides a more accurate and re-
liable method for classifying green arabica coffee beans, offering significant potential for
automation in the coffee industry and reducing dependence on manual inspection.
Keywords: Deep learning, Computer vision, Coffee bean image classification, CNN,
Transformer

1. Introduction. In global trade, coffee is among the most economically valuable agri-
cultural products. As one of the world’s largest coffee producers, Indonesia exported coffee
worth 1.49 billion dollars from January to September 2024. Among the many varieties
produced, arabica coffee stands out as one of Indonesia’s signature varieties and is well-
known worldwide [1].

However, the Indonesian coffee industry still faces challenges in sorting and classifying
coffee beans before the roasting process, which significantly impacts quality and market
value [2]. At the moment, sorting is done largely manually, relying on human vision. This
manual process is time-consuming, labor intensive, and prone to errors, as the quality
of the product is spoilt due to overworked and stressed staff [2]. Furthermore, currently
available coffee bean sorting machines are mainly color sorters and density sorters. Color
sorters utilize Charge-Coupled Device (CCD) sensor technology and high-resolution cam-
eras to detect defects based on color and size [3]. While density sorters separate beans
based on their specific gravity using airflow or vibrations to distinguish high-quality beans
from defective ones [4]. These machines are typically designed for binary classification
(i.e., normal or defective), making them insufficient for multi-class classification, such as
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differentiating peaberry, longberry, premium, and defect beans [2, 5]. Their effectiveness
heavily depends on predefined parameters, making it challenging to adapt to changing
quality standards or new coffee bean varieties [6]. This limitation affects production effi-
ciency and quality, particularly in meeting the growing export demand.

To address this challenge, several studies have explored the use of the USK-Coffee
dataset, which consists of 8,000 images of green arabica coffee beans categorized into
four classes: peaberry, longberry, premium, and defect. Research by Febriana et al. us-
ing ResNet-18 and MobileNet-V2 achieved an accuracy of 81.31%, slightly better than
ResNet-18, which achieved 81.13% for multi-class classification [2]. However, for binary
classification, in a study conducted by Islamy et al., ResNet-18 excelled with an accuracy
of 91.50% on a balanced dataset [7]. In addition, another study by Nasution et al. using
MobileNet-V2 with hyperparameter adjustments resulted in an accuracy of 88.19% [8].

A different approach was taken by Neto et al., who evaluated several CNN architec-
tures such as AlexNet, ResNet-50, MobileNet-V3, and EfficientNet-B4. From the results
of the research, EfficientNet-B4 recorded the highest accuracy of 88.44% after data aug-
mentation was applied [9]. On the other hand, Izza and Kusuma explored the potential of
Transformer-based models such as Vision Transformer (ViT), Data-efficient Transformer
(DeiT), and Swin Transformer. From the research results, Swin Transformer recorded the
highest accuracy of 84.75% on test data [10].

Based on our findings, previous research is still limited to the use of a single model to
classify these green coffee beans, without exploring a combination of architectures that
can capture local and global features more optimally [2, 7, 8, 9, 10]. This paper aims
to address this gap by proposing a hybrid model approach to enhance multi-class clas-
sification performance for green arabica coffee beans. This approach combines CNN and
Transformer architectures, where CNNs are used to extract local features, while Trans-
formers capture global relationships between features within the images [11]. Integrating
both architectures allows the model to not only improve accuracy, but also make it more
robust in distinguishing visually similar classes and makes the approach relevant for other
cases where local detail and global structure both matter.

The paper is structured as follows. The background and objectives are presented in
the Introduction section. The Literature Review section reviews existing theories relevant
to image classification and prior research on green arabica coffee beans classification.
The Methodology section explains the methods and experiment steps in developing and
evaluating the models. Then, the Results and Discussion section presents the experimental
results and our findings, analyzing the effectiveness of each hybrid model. Finally, the
Conclusions section provides a summary and ideas for future work.

2. Literature Review.

2.1. Hybrid deep learning model. The hybrid deep learning model is an approach
that combines two different models with the aim of complementing the advantages and
disadvantages of each model so that it can get more optimal results. This research uses
one model to extract local features and another model to extract global features. Lo-
cal features refer to detailed and textured information derived from small areas in an
image, such as edges, patterns, and contours, which are generally extracted using CNN
architecture-based models. However, global features reflect the overall context and rela-
tionships between parts in an image, which are usually obtained through models with
Transformer architecture [12].

2.2. Dataset comparison and reasons for choosing USK-Coffee dataset for clas-
sifying green arabica coffee beans. There are two publicly available datasets for the
classification of green arabica coffee beans, namely the USK-Coffee dataset and the Cof-
fee Cobra dataset. The USK-Coffee dataset is one of the most complex and challenging
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datasets for the classification of green arabica coffee beans because it has more varied and
specific classes [2]. This dataset was developed by Syiah Kuala University, Banda Aceh,
Indonesia, and consists of 8000 images divided into 4 different classes, namely longber-
ry, peaberry, premium and defect. The longberry class represents coffee beans that have
a long and large shape and are characterized by the presence of dicotyledon seeds [2].
Meanwhile, the peaberry class describes coffee beans with a smaller size and round shape
and has a higher density compared to coffee beans in other classes [2, 10]. The premium
class is identified from bluish green coffee beans, with a large size and a rounder shape
2, 10]. The class of defects is those of coffee beans that are defective, caused by errors in
the processing process or pest attacks, resulting in beans that are not intact or are often
broken [2, 8, 10].

The Cobra dataset is a coffee bean image data set used in the Open Source Coffee
Sorter project, which aims to build a small-scale, low-cost coffee bean sorting machine
using the transfer learning method [13]. This project focuses on optical sorting of green
coffee beans using a simple computer such as the Raspberry Pi 3. This dataset consists of
4626 images divided into 2 classes, namely good and bad. The good class is high-quality
coffee beans that have met the selection standards. However, the bad class is for coffee
beans that have defects or do not meet quality standards.

This research uses the USK-Coffee dataset because it offers advantages over the Cobra
dataset. The image quality in the USK-Coffee dataset is much better, with higher res-
olution and clearer details. Additionally, USK-Coffee offers a greater number of images,
which enhances the model’s training and results in more accurate performance. Anoth-
er advantage of USK-Coffee is the diversity of classes it has. This dataset includes four
different classes, namely peaberry, longberry, premium, and defect. This makes it more
varied and specific than other datasets that only have two classes, good and bad.

2.3. Recent studies on classifying green arabica coffee. Several previous stud-
ies have explored the classification of Indonesian green arabica coffee beans using the
USK-Coffee dataset, employing binary and multiclass classification approaches. In binary
classification studies, coffee beans are categorized into normal and defect classes. One
study [14] applied feature extraction techniques using the Gray-Level Co-occurrence Ma-
trix (GLCM) and a Content-Based Image Retrieval (CBIR) system to measuring im-
age similarity with reference samples. Several prior works have evaluated different deep
learning architectures for classifying green Arabica coffee beans, reporting varied per-
formance across experimental settings. Islamy et al. [7] demonstrated strong results in
binary classification using CNN-based models, with ResNet-18 achieving 91.50% accura-
cy on a balanced dataset. In multiclass scenarios, Febriana et al. [2] compared ResNet-18
and MobileNetV2, where MobileNetV2 showed slightly better performance. Nasution et
al. [8] further improved MobileNetV2 through hyperparameter tuning, indicating that
optimization strategies can significantly influence model outcomes.

Other studies have broadened the comparison by evaluating multiple CNN architec-
tures. Neto et al. [9] assessed models such as AlexNet, ResNet-50, MobileNetV3, and
EfficientNetB4, highlighting the impact of architectural scaling and data augmentation
on performance. In parallel, Transformer-based approaches have also been investigated.
Izza and Kusuma [10] examined Vision Transformer (ViT), Data-efficient Image Trans-
former (DeiT), and Swin Transformer, showing that hierarchical attention mechanisms
can provide competitive results in image classification tasks.

Previous studies cited above have primarily focused on improving classification perfor-
mance through dataset expansion, preprocessing techniques, and model parameter opti-
mization. However, these efforts still rely on a single architecture, which limits the model’s
ability to generalize when faced with subtle visual variations among green Arabica coffee
beans. Variations in lighting, surface defects, and slight color inconsistencies can introduce
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ambiguity that a single-model approach may struggle to resolve consistently. Therefore,
exploring alternative strategies that improve robustness and generalization remains nec-
essary to achieve more reliable multi-class classification results [12].

Hybrid models have been widely used in related applications, such as plant disease de-
tection. Lin et al. [15] proposed the LGNet model, which combines CNN and Transformer
architectures to improve classification accuracy, outperforming existing state-of-the-art
methods. Similarly, another study [16] introduced the AELGNet model, combining Lo-
calNet and GlobalNet to achieve more detailed feature recognition and higher accuracy
than previous studies.

Based on these findings, hybrid approaches present a promising alternative for improv-
ing accuracy in green arabica coffee bean classification. Moreover, the implementation of
data augmentation and hyperparameter tuning has proven crucial in optimizing model
performance. Therefore, this research aims to propose a new method that combines the
strengths of CNN-based and Transformer-based architectures to achieve more accurate
and efficient classification results.

3. Methodology. This research presents an approach to enhance the accuracy of clas-
sifying green arabica coffee using hybrid deep learning models. The proposed methodolo-
gy integrates feature extraction using both Convolutional Neural Networks (CNNs) and

Transformer-based architectures to enhance the model’s ability to capture both local and
global features from images. The overview of the process is shown in Figure 1.

Daa Prepmces.smgH CNN Model }Lucal Features
& Augmentation l
Feature Classification Hyperparameter Model Training Model Evaluation
Combination Layer Tuning
[Data Preprocessing Transformer ‘
& Augmentation [ Model lobal Features

F1GURE 1. Research methodology

This architecture receives an input image and processes it through two parallel branches:
a CNN-based encoder and a Transformer-based encoder. The CNN branch focuses on
extracting local visual patterns such as texture and edges, while the Transformer branch
captures long-range dependencies and global context. The features from both branches
are then concatenated and passed to a classification head.

3.1. Data collection. This research obtained data from the USK-Coffee dataset [2],
which contains 8000 images of green arabica coffee. It consists of four classes: defect,
longberry, peaberry, and premium (see Figure 2). The dataset is already divided into
training (60%), validation (20%), and test (20%) sets, with each subset containing a
balanced number of images from all classes.

¢ o 0 &

Longberry Peaberry Premium Defect

FiGURE 2. Example of USK-Coffee dataset
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3.2. Data preprocessing & augmentation. The dataset will be processed through a
preprocessing stage that is applied differently depending on the pretrained model used,
where these models will follow the default preprocessing that has been trained previously
with the ImageNet dataset. The training dataset was also augmented with several tech-
niques, including random horizontal flipping and random rotation (£15°), to improve
model generalization and reduce overfitting. While the validation and testing datasets
were only preprocessed without augmentation to maintain data consistency.

3.3. Feature extraction & combination. The hybrid model used in this research uses
two pre-trained models as feature extractors (see Figure 3). The first pre-trained model
based on CNN is used to extract local features from images, which includes ResNet-18,
ResNet-50, MobileNet-V3, and EfficientNet-B4. Meanwhile, the second pretrained model
based on the Transformer captures global context dependencies, which include ViT and
Swin Transformer (see Table 1 for the list of hybrid model combinations used in this
study). The selection of these models is based on previous research [2, 7, 8, 9, 10|, in
which these architectures have been successfully applied to the classification of green
arabica coffee beans and have shown strong performance. The final classification layer in
this pretrained model will be removed because it will only be used as a feature extractor.
Furthermore, we use the default architecture and settings from the official torchvision
models, as they are validated on ImageNet and have demonstrated strong generalization
performance across various computer vision tasks. The features from those two models are
combined into one concatenation of vectors representing local and global features before
finally being forwarded into the classification layer. The hybrid model feature extraction
and classification steps can be represented by Equation (1).

y = Softmax(Wo(ReLU (W1 (fonn (%) @ frransformer(2)) + b1)) + b2) (1)
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F1GURE 3. Proposed hybrid model architecture

3.4. Classification layer. After the local and global features are combined, this combi-
nation of features will be further processed through the fully connected layer, which acts
as a classifier. The classifier consists of a linear layer with 512 hidden units, followed by
a ReLU activation and a dropout of 0.5, then a final linear layer for classification. This
architecture was chosen to provide a good balance between model complexity and gen-
eralization. The final output of this classification layer will predict the category of green
arabica coffee beans in 4 classes, namely peaberry, longberry, premium, and defect.
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TABLE 1. Hybrid models

Code | CNN-based model | Transformer-based model
R18-V ResNet-18 Vision Transformer
R18-S ResNet-18 Swin Transformer
R50-V ResNet-50 Vision Transformer
R50-S ResNet-50 Swin Transformer
MV3-V MobileNetV3 Vision Transformer
MV3-S MobileNetV3 Swin Transformer
EB4-V EfficientNetB4 Vision Transformer
EB4-S EfficientNetB4 Swin Transformer

3.5. Model training & hyperparameter tuning. The hybrid model is trained using
the training dataset and validated through the validation dataset. To optimize model
performance, hyperparameter tuning is performed using the grid search method, which
aims to find the combination of parameters that provides the best results for the model.
The parameters tested include the learning rate {le-4, le-5, le-6} and the batch size
{32, 64}. The learning rate {le-4, le-5, le-6} is in line with common transfer-learning
practice for large vision models for stable convergence speed or stability, and avoids cata-
strophic forgetting of pre-trained representations. The {le-4} learning rate enables stable,
yet moderately fast adaptation to the green arabica coffee dataset without destabilizing
the model. The smaller values {le-5, 1le-6} prioritize conservative fine-tuning to prevent
catastrophic forgetting of pre-trained feature representations.

Meanwhile, the authors also chose batch sizes of 32 and 64. This choice follows prior
best practices, batch size of 32 or 64 are a typical sweet spot in image classification as they
provide enough samples per update for gradient estimation and batch normalization, yet
are small enough to fit in memory and maintain good generalization (very large batches
can hurt model generality). The training process is carried out for several epochs with an
early stopping mechanism to avoid overfitting. With 8 hybrid models and the application
of grid search on these hyperparameters, a total of 48 experiments are conducted.

3.6. Model evaluation. After the training process is complete, the model will be
evaluated using the testing dataset. The evaluation is carried out using metrics such
as accuracy, precision, recall, and F1-score, which are metrics commonly used in previous
research. These metrics are chosen to allow for a direct comparison with results from
previous experiments and to provide a comprehensive evaluation of model performance.

4. Results and Discussion. This study utilizes the Python programming language,
specifically Python 3.11.11, along with the PyTorch framework version 2.5.1 for conduct-
ing experiments. The implementation was carried out on Google Colab, which provides a
cloud-based environment with pre-configured dependencies, making it easier to set up and
execute deep learning models. To enhance computational efficiency and reduce training
time, the training process was accelerated using a GPU.

4.1. Results for hybrid deep learning models. Several hybrid models combining
CNN and Transformer architectures were evaluated with different batch sizes and learn-
ing rates to determine the optimal configuration. The evaluation metrics included ac-
curacy, precision, recall, and Fl-score which provide detailed insights into the model’s
performance in classifying green arabica coffee beans. Table 2 presents the results of the
experiments, where only the best hyperparameter combination is selected for compari-
son. The selection is based on the highest accuracy achieved among all hyperparameter
configurations tested, ensuring that each model is represented by its optimal performance.



ICIC EXPRESS LETTERS, VOL.20, NO.4, 2026 471

TABLE 2. Performance comparison of hybrid models

Model | Batch size | Learning rate | Accuracy | F1-score | Precision | Recall
R18-V 32 0.000001 90.38% 90.41% 90.75% | 90.38%
R18-S 32 0.00001 87.94% 87.97% 89.25% | 87.94%
R50-V 64 0.00001 91.88% | 91.85% | 92.12% |91.88%
R50-S 64 0.00001 89.38% 89.38% 90.13% | 89.38%
MV3-V 32 0.000001 89.88% 89.84% 90.21% | 89.88%
MV3-S 32 0.00001 90.25% 90.27% 90.64% | 90.25%
EB4-V 32 0.000001 86.75% 86.90% 87.82% | 86.75%
EB4-S 32 0.00001 90.19% 90.14% 90.67% | 90.19%

In order to concentrate on high-performing configurations, only models with an accuracy
greater than 85% are shown.

From the experiments, hybrid models involving EfficientNetB4 tended to have lower
accuracy. Specifically, EfficientNetB4 combined with Vision Transformer produces the
lowest accuracy of 86.75%. This result shows that despite EfficientNetB4 is known for
its computational efficiency, this architecture might not adequately capture the essen-
tial local features required for this green coffee bean classification task. However, when
EfficientNetB4 was combined with Swin Transformer, the accuracy improved significant-
ly to 90.19%, showing that Swin Transformer might complement EfficientNetB4 feature
extraction better than Vision Transformer.

The hybrid model combining MobileNetV3 and Swin Transformer model also performed
well with an accuracy of 90.25%. Even though MobileNetV3 is designed as a lighter CNN
architecture, this hybrid model still produced a competitive accuracy. It can be seen that
lightweight CNN models can still be effective when paired with powerful Transformer.

A slightly higher accuracy of 90.38% was obtained from the hybrid combination ResNet-
18 and Vision Transformer. ResNet architecture effectively captures subtle textures and
patterns in coffee bean images. Hence, when combined with Vision Transformer global
context awareness can enhance the classification accuracy. However, compared to deeper
CNN models, ResNet-18 might lack sufficient depth and complexity to clearly differentiate
between visually similar coffee bean classes. This becomes clearer when compared with
ResNet50 + Vision Transformer which achieved the highest accuracy of 91.88%. This
shows that deeper and more complex architecture of ResNet-50 allows richer and more
discriminative local features. When paired with Vision Transformer, it maximizes both
detailed local and global feature extraction capabilities to then produce better accuracy
than other hybrid combinations tested in this study.

Figure 4 presents the accuracy comparison results between the best-performing hy-
brid deep learning model from this research and single-model approaches from previous
research. Based on these comparisons, it is evident that hybrid deep learning models im-
prove the accuracy of green arabica coffee bean classification, as they can capture both
local and global features. This effectiveness is demonstrated by their superior performance
compared to single-model approaches.

Figure 5 shows the accuracy and loss during the training and validation phases of the
hybrid model R50-V. Based on Figure 5(a), it can be seen that both the training and
validation accuracy gradually increased, reaching stability after several epochs, indicating
that the model generalized well to unseen data. Furthermore, Figure 5(b) shows that
both training and validation loss consistently decreased throughout training, with the
validation loss stabilizing in later epochs. This shows that the model did not exhibit
significant overfitting.
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Based on the confusion matrix in Figure 6, the model shows strong performance in
classifying peaberry, premium, and longberry coffee beans, indicated by the high numbers
of correctly predicted samples. However, the defect class has a lower performance with
several misclassifications into the premium and peaberry classes. These misclassifications
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might be caused by visual similarities between defect beans and other bean classes.
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4.2. Practical implications. The findings from this study indicate that the hybrid mod-
eling approach can offer meaningful improvements for the coffee industry, particularly in
automating the green bean classification process. Using this method, producers can re-
duce the dependency on manual sorting, cut operational costs, and obtain more consistent
results. These findings also offer valuable insights for developers looking to build practical
and reliable classification tools which could be adapted for other image-based applications
beyond coffee production.

4.3. Implementation of R50-V hybrid model. The best-performing hybrid model
(R50-V) was deployed into a web-based application platform. As shown in Figure 7,
the application first accepts an input image of a green arabica coffee bean, performs
preprocessing, and then uses the R50-V hybrid model to classify the bean into one of four
categories: peaberry, longberry, premium, or defect.

o Indonesia Green Arabica Coffee o Indonesia Green Arabica Coffee

Al Classification System Al Classification Systerr

- ( N Be N ( - N N )
# Arrovered Fast Analysis ( 4 Categories #: A-povered ( FastAn ) ategorie
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Upload Coffee Bean Image Classification Results Upload Coffee Bean Image Classification Results
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F1GURE 7. Implementation of R50-V hybrid model

5. Conclusions. The authors explored hybrid models for classifying green arabica cof-
fee beans. Various combinations of CNN and Transformer-based models were tested to
capture both local and global features from green arabica coffee bean images. The exper-
iment shows that R50-V, which is a combination of ResNet-50 and Vision Transformer,
achieved the highest accuracy of 91.88%. This hybrid model also gave better performance
in precision, recall, and F1-score compared to previously studied single-model methods.

For future work, the authors recommend focusing on the implementation of the R50-V
hybrid model in real-world coffee production. The hybrid model can be implemented in
Al-powered sorting machines for real-time classification on production lines. This integra-
tion would automate the sorting process and replace manual labor. Additionally, it could
also be connected to a central monitoring system that provides feedback to make con-
tinuous model adaptation and retraining. This ensures high accuracy despite changes in
environmental conditions and bean characteristics. Moreover, future research could also
explore whether deploying the hybrid model into cloud-based services would be possible.

Finally, the authors note that there are three potential ways to use the hybrid model in
production environments: real-time (when information needs to be processed immediate-
ly), near real-time (when speed is important, but it is not needed immediately), or batch
processing (when information processing can wait for days or longer). Each approach has
distinct advantages and challenges. The authors hope that future research could address
and evaluate these approaches with the R50-V hybrid model from this study.
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