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Abstract. This study addresses the problem of manual classification of coffee
bean roast level, which is often inconsistent and inefficient, potentially
affecting product quality and market value. To overcome this issue, the study
proposes an automated classification approach using a deep learning model
based on MobileNetV2. The objective of this study is to develop an accurate
and efficient model for classifying coffee beans into four roast levels: Green,
Light, Medium, and Dark, while ensuring its applicability in real-world
conditions with limited computational resources. The dataset consists of 1,200
images of roasted and unroasted coffee beans, processed through resizing,
normalization, and data augmentation to improve generalization. The model
was trained using transfer learning and evaluated using accuracy, precision,
recall, and F1-score metrics. The results show that the model achieves an
accuracy of 97.78% on the testing dataset, with a precision of 0.98, recall of
0.98, and F1-score of 0.98. When implemented in a web-based application, it
achieves 97.8% accuracy with an average response time of 1.8 seconds and is
capable of handling up to 100 concurrent users with stable performance.
These findings indicate that the proposed model is effective and reliable for
supporting automated coffee bean roast level classification and enhancing
efficiency in coffee quality control.

1. INTRODUCTION

Indonesia is one of the largest coffee-
producing countries in the world, contributing
significantly to the global coffee supply through
diverse coffee varieties originating from
regions such as Sumatra, Java, Bali, and
Sulawesi [18]. Coffee is an important
agricultural commodity with  significant
economic value, whose quality is influenced by
various production and post-harvest processes,
including the classification of coffee bean roast
level [2]. The roast level of coffee beans can
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affect the physical and sensory characteristics
of coffee, including flavor, aroma, and overall
product quality [2]. Therefore, accurate roast
level classification is important to support
consistent quality control and maintain the
standardization and market value of coffee
products [18].

Traditionally, coffee bean roast level
classification is performed manually through
visual inspection of characteristics such as
color, texture, shape, and physical appearance
[6]. However, this process is subjective because
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it depends on the experience and perception of
individual workers and can be affected by
environmental conditions, particularly lighting
[1]. Differences in human judgment may result
in inconsistent classification outcomes and
affect product standardization [18]. Manual
sorting also requires considerable time and
labor, making it less efficient for large-scale
production [2]. These limitations highlight the
need for an automated system that can classify
coffee bean roast level more objectively,
consistently, and efficiently [5].

The  development  of artificial
intelligence, particularly computer vision and
deep learning, provides opportunities to
automate image-based classification in the
coffee industry. Traditional machine learning
methods, such as Naive Bayes and Support
Vector Machine (SVM), generally require
manually designed features, which can limit
their ability to capture complex visual patterns
[22], [5]. In contrast, Convolutional Neural
Networks (CNNs) can automatically learn
relevant features directly from image data and
have demonstrated strong performance in
various coffee-related classification tasks [11].

Several studies have applied deep
learning to coffee-related image analysis,
including coffee quality, roasting levels,
varieties, and maturity classification [4], [6].
EfficientNet-based models have demonstrated
high classification performance, while ResNet
architectures have shown strong feature
extraction capabilities [2], [6], [7]. MobileNet-
based architectures have also been explored
because of their lower computational
requirements and potential for mobile
deployment [3]. Meanwhile, object detection
models such as YOLO have been applied to
related coffee classification tasks, such as
maturity detection, but generally require greater
computational ~ resources  than  image
classification models [5], [25]. These studies
demonstrate the potential of deep learning while
highlighting the importance of selecting an
architecture according to the specific
classification objective and deployment
environment.

Despite these developments, research on
lightweight deep learning for coffee bean roast
level classification remains limited. Previous
studies mainly address coffee variety, quality
assessment, or maturity detection [4], [6], while
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high-performance  models often  require
substantial computational resources [7]. Thus,
further research is needed to evaluate
lightweight CNNs that balance classification
accuracy and computational efficiency for
practical deployment [8].

To address this gap, this study applies
MobileNetV2 for coffee bean roast level
classification. MobileNetV2 is a lightweight
CNN architecture that utilizes depthwise
separable convolution, inverted residual blocks,
and linear bottlenecks to reduce computational
complexity while maintaining effective feature
extraction [1]. Its lightweight design makes it
suitable for image classification applications
and potential deployment on mobile or
embedded devices with limited computational
resources [17].

The application of MobileNetV2 can
support automated coffee sorting by providing
more consistent and objective roast level
classification than manual inspection. Its
computational  efficiency also  provides
opportunities for implementation in production
or processing environments where high-
performance hardware may not be readily
available. This approach is aligned with efforts
to improve coffee quality control through the
use of digital technologies that enhance
consistency, efficiency, and decision-making in
coffee processing [18].

The research gap addressed in this study
is the limited investigation of lightweight deep
learning models specifically for coffee bean
roast level classification while considering
computational  efficiency and practical
implementation. The novelty of this study lies
in applying MobileNetV2 specifically to coffee
bean roast level classification and evaluating
the balance between classification performance
and computational efficiency. Therefore, this
study aims to develop a MobileNetV2-based
model, evaluate its performance using
accuracy, precision, recall, and Fl-score, and
assess its potential suitability for efficient real-
time implementation to support coffee quality
control.

In addition to model development, this
study also implements the trained model into a
web-based application to evaluate its practical
performance in terms of response time and
scalability under concurrent usage, providing a
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more comprehensive assessment of its
readiness for real-world coffee quality control.
2. LITERATURE REVIEW

2.1. Coffee Bean Roast Level Classification
Coffee bean roast level classification
plays an important role in assessing coffee
quality, as different roast levels affect the color,
flavor, aroma, and sensory characteristics of
coffee beans [2]. Conventional classification
based on visual appearance is subjective and
can be inconsistent due to differences in human
perception and environmental conditions [6].
Therefore, an automated image-based
classification approach is needed to achieve
more consistent and efficient roast level
identification [5].

2.2. Image Classification

Image classification is a fundamental
task in computer vision that aims to categorize
images into predefined classes based on visual
features [20]. In image processing, data is
represented as pixel values, which are typically
normalized to improve model performance and
training stability [20]. The normalization
process can be expressed as:

_x (1)
X = 255

where x is the original pixel value and x' is the
normalized value.

2.3.  Machine Learning and Deep Learning

Traditional machine learning methods
such as Support Vector Machine (SVM) have
been applied to image classification tasks [22].
The decision function of SVM can be
formulated as:

fx)=w.x +b 2

where w represents weights, x is the input
feature vector, and b is the bias. However, these
methods rely on manual feature extraction,
which limits their ability to capture complex
patterns in image data [5].

To overcome these limitations, deep
learning approaches have been introduced.
Deep learning models are capable of
automatically learning hierarchical features
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from raw data, leading to improved
performance in complex classification tasks [4].

2.4. Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) is
a deep learning architecture specifically
designed for image processing tasks [6]. CNN
extracts  features  through  convolution
operations, which can be mathematically
expressed as:

Y(L,)) = TmZnx (@ + mj + n). w(m,n)
3)

where x is the input image, w is the convolution
kernel, and y is the output feature map.

To introduce non-linearity, activation functions
such as Rectified Linear Unit (ReLU) are
applied:

f(x) = max(0,x) (@)

CNN models have demonstrated superior
performance in various image classification
tasks, including agricultural applications [19].
2.5. MobileNetV2 Architecture
MobileNetV2 is a lightweight CNN
architecture designed for efficient computation
while maintaining high accuracy [1]. It utilizes
depthwise separable convolution to reduce the
number of parameters and computational cost
compared to standard convolution [8].
Additionally,  MobileNetV2  incorporates
inverted residual blocks and linear bottlenecks
to improve feature representation while
preserving efficiency. These characteristics
make MobileNetV2 highly suitable for real-
time applications and deployment in resource-
constrained environments such as mobile and
web-based systems [17].

2.6. Evaluation Metrics

Model evaluation in this study is
conducted using several metrics, namely
accuracy, precision, recall, and F1-score, to
comprehensively assess classification
performance [14]. These metrics are important
because they provide both an overall evaluation
and a detailed understanding of the model’s
performance for each class [15].
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All evaluation metrics are derived from
the confusion matrix, which consists of True
Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN). A
general formulation of classification evaluation
can be expressed as:

. Correct Predictions
Metric = (5)

Total Predictions

Accuracy measures overall correctness,
precision evaluates the accuracy of positive
predictions, recall measures the ability to
identify actual positives, and F1-score balances
precision and recall. Together, these metrics
provide a comprehensive evaluation of model

performance both overall and per class
[14][15].
3. RESEARCH METHODS

The research methodology includes
dataset preparation, data augmentation,
MobileNetV2 development using transfer

learning, model training, evaluation, and web
implementation. The model is trained using
Adam and categorical crossentropy, evaluated
with accuracy, precision, recall, and F1-score,
and deployed in a Flask-based application for
real-time classification. The methodology is
presented in Figure 1.

Dataset Collection

—» Data Augmentation

!

[4— Model Architecture

and Preparation

Model Training

k4

Data Splitting and Web System

Implementation

Figure 1. Research Methodology

Evaluation

3.1. Dataset Collection and Preparation
This study utilizes a custom dataset
consisting of 1,200 coffee bean images

categorized into four roast levels: Green, Light,
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Medium, and Dark. The dataset was collected
from coffee plantations in Indonesia to
represent variations encountered in real-world
conditions. During data acquisition, variations
in lighting conditions, camera angles, and
background settings were considered to
improve the model’s ability to generalize to
diverse environments.

Each roast level contains 300 images,
resulting in a balanced dataset with an equal
number of samples across all four classes. This
balanced distribution helps minimize class
imbalance and provides an equitable basis for
model training and evaluation.

The images were captured using a
smartphone camera at an approximate distance
of 15-20 cm from the coffee beans under
natural indoor lighting. A plain background was
used to minimize visual interference. Each
image contains a single layer of coffee beans
representing one roast level, with samples
collected from multiple batches to reduce
potential batch-specific bias. The class labels
were assigned based on the recorded roasting
level and visually verified according to
differences in bean color and surface
characteristics. Samples with ambiguous visual
characteristics were excluded to maintain
labeling consistency.

Representative images of the four roast
levels are presented in Table 2. The
preprocessing stage includes resizing all images
to 224 x 224 pixels to match the input
dimensions of MobileNetV2 and normalizing
pixel values to the range of [0,1] by dividing
each pixel value by 255. Data augmentation is
applied only to the training set to increase data
diversity, improve generalization, and reduce
the risk of overfitting. The distribution of the
dataset is presented in Table 1.

Table 1. Dataset Distribution

Class Count | Percent | Train | Val | Test
Dark 300 25% 210 45 45
Green 300 25% 210 45 45
Light 300 25% 210 45 45
Medium 300 25% 210 45 45
Total 1200 100% 840 180 | 180

To provide a clear visual reference for
each roasting category used in this study, Table
2 presents sample images of coffee beans
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classified into four roast levels: Green, Light,
Medium, and Dark.

Table 2. Classification of Coffee Bean

Samples Based on Roasting Level
Class Roast Level
Green Un-roasted
Light Light roast
Medium Medium roast
Dark Dark roast

Table 2 presents the classification of
coffee beans into four classes based on roasting
level, namely Green, Light, Medium, and Dark,
each of which reflects a distinct stage of thermal
processing that directly affects the beans' color,
surface texture, and physical characteristics.
The Green class represents un-roasted beans
with a yellowish-green color and a dry, matte
surface; the Light class shows beans roasted at
a light level, appearing light golden brown with
a surface that is not yet oily; the Medium class
represents a moderate roasting level,
characterized by a darker brown color and a
slightly glossy surface; and the Dark class
represents the highest roasting level, marked by
a dark brown to blackish color with a shiny, oily
surface caused by the release of natural bean
oils during intensive roasting. These visual
differences form an important basis for
automated classification using computer vision
or deep learning methods, as each roasting level
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exhibits relatively consistent and visually
distinguishable color and texture patterns.

3.2. Data Augmentation
Data augmentation plays an important
role in improving the robustness and

generalization of deep learning models,
particularly when the available dataset is
limited. In this study, data augmentation is
applied in real-time during the training process
using TensorFlow’s ImageDataGenerator.
This approach generates variations of coffee
bean images dynamically in each training epoch
without increasing the size of the original
dataset. By exposing the MobileNetVV2 model
to diverse image variations, the augmentation
process helps the model adapt to variations that
may occur during real-world coffee quality
control.

The augmentation techniques used in this
study include rotation, zooming, width shifting,
height shifting, and horizontal flipping.
Rotation simulates variations in the orientation
of coffee beans, while zooming represents
differences in the distance between the camera
and the coffee beans. Width and height shifting
simulate changes in the position of coffee beans
within the image, whereas horizontal flipping
increases visual diversity. These
transformations are intended to reduce
overfitting and improve the model's ability to
recognize roast-level characteristics across
different image conditions. The augmentation
parameters used in the MobileNetV2 training
process are presented in Table 3.

Table 3. Data Augmentation Parameters

Technique Parameter Value Purpose
Rotation Rotation angle 20° Orle_nta_tlon
Range variation
Zoom Zoom factor 0.2 Dls_tar]ce
Range variation
Width Shift Horizontal Position
. 0.1 s
Range shift variation
Height Shift Vertical shift 01 Po§|t|_on
Range variation
Honz_ontal _Fllp TRUE Perspegtlve
Flip horizontally variation
Value
Rescale Normalization | 1/255 | standardiza
tion
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3.3.  Model Architecture
The model used in this study is
MobileNetVV2, modified for four-class

classification. It is selected due to its efficiency
and lightweight design, making it suitable for
resource-constrained  environments.  The
architecture  uses  depthwise  separable
convolution to reduce parameters while
maintaining high accuracy.

MobileNetV2 also employs inverted
residual blocks and linear bottlenecks for
efficient feature extraction. Transfer learning is
applied using a pre-trained ImageNet model to
improve performance and reduce training time.
The final layers include Global Average
Pooling, a Dense layer, Dropout for
regularization, and an output layer with four
neurons. Dropout helps prevent overfitting by
promoting more generalized feature learning.
The model architecture is presented in Table 4.

Table 4. Model Architecture

Layer Shape Params Desc
RGB
Input (224,224,3) 0 image
input
MobileNet 2,257,98 | Pre-trained
V2 Base (7,7,1280) 4 model
Global Avg Feature
Pooling (1280) 0 reduction
Fully
Dense 128 163,968 | connected
layer
Dropout Regularizat
(0.5) 128 0 ion
Softmax
Output 4 516 | output(4
Layer
classes)

3.4. Model Training

The model training process is conducted
using Google Colab with Tesla T4 GPU
acceleration to improve computational
efficiency. The Adam optimizer is employed
due to its adaptive learning capability, while
categorical crossentropy is used as the loss
function for multi-class coffee bean roast level
classification. A fixed random seed of 42 is
applied to ensure reproducibility. The model is
trained with an initial learning rate of 1x1074, a
batch size of 32, and a maximum of 30 epochs.

MobileNetV2 is initialized  with
ImageNet pre-trained weights and trained using
a fine-tuning strategy. In the initial stage, the
MobileNetV2 backbone is frozen while the
classification head, consisting of Global
Average Pooling, Dense, Dropout, and output
layers, is trained. Subsequently, selected deeper
layers are unfrozen and fine-tuned using a lower
learning rate to adapt the model to the visual
characteristics of different coffee bean roast
levels. The resulting model contains 2,421,952
parameters, with approximately 285,000
trainable parameters during the initial training
stage.

To improve training efficiency and
reduce  overfitting,  EarlyStopping and
ReduceLROnPlateau callbacks are applied.
EarlyStopping stops training when validation
performance no longer improves, while
ReduceLROnPlateau reduces the learning rate
when validation loss reaches a plateau. This
configuration supports the development of a
robust MobileNetV2 model for automated
coffee roast level classification and quality
control.

3.5. Data Splitting and Evaluation

The dataset is divided into three subsets:
training, validation, and testing, using a ratio of
70:15:15. Stratified sampling is applied to
maintain a consistent distribution of the four
coffee bean roast levels across all subsets. The
training set is used to train the MobileNetV2
model, the validation set is used to monitor and
optimize model performance during training,
and the testing set is reserved for final
performance evaluation [21].

Model performance is evaluated using
accuracy, precision, recall, and F1-score.
Accuracy measures the overall proportion of
correctly classified images, while precision and
recall assess the classification performance for
each roast level. The Fl1-score provides a
balanced evaluation by combining precision
and recall [14]. In addition, a confusion matrix
is used to identify and analyze misclassification
patterns among the different coffee bean roast
levels [15].

3.6.  Web System Implementation

The trained model is deployed as a web-
based application to support practical coffee
bean roast level classification. The system uses
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Flask as the backend framework, with HTML,
CSS, and JavaScript for the frontend interface
[24]. The trained model is converted into
TensorFlow.js format to enable browser-based
inference without requiring high-performance
server-side computation [24]. The application
consists of three main modules: image upload,
image preprocessing, and roast level prediction,
providing a practical solution for automated
coffee quality control and sorting [26].

The application is deployed on an Ubuntu
Server 22.04 LTS cloud environment with 2
vCPUs and 4 GB of RAM. Flask 3.0 is served
using Gunicorn with Nginx as a reverse proxy,
while TensorFlow.js 4.x is used for in-browser
inference. Functional testing is conducted using
Google Chrome and Mozilla Firefox on desktop
and mobile devices to verify the functionality
and accessibility of the deployed application.

4, RESULTS AND DISCUSSION

The Results and Discussion section
evaluates the performance of MobileNetV2 for
coffee bean roast level classification using
evaluation metrics, confusion matrix, training

analysis, web-based implementation, and
comparison with previous studies.
4.1. Model Performance on Testing Data

The trained MobileNetvV2  model
demonstrates strong performance on the test
dataset consisting of 180 images, achieving an
accuracy of 97.78%, with 176 correctly
classified and 4 misclassified images. The
results indicate that the combination of
MobileNetV2, data augmentation, and the
adopted training strategy provides effective
classification performance across the four
coffee bean roast levels.

The test dataset contains an equal number
of samples for each class, with 45 images per
class, minimizing the influence of class
imbalance on the evaluation results. As shown
in Table 5, the model achieves high precision,
recall, and F1-score across all roast levels. The
Dark class achieves balanced performance,
while the Green class shows slightly lower
recall due to a small number of
misclassifications. The Light class achieves the
highest recall, whereas the Medium class
obtains the highest F1-score. Overall, the results
demonstrate that MobileNetV2 can effectively
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distinguish different coffee bean roast levels
under the experimental conditions.

However, the high test accuracy should
be interpreted with caution because the 1,200-
image dataset was collected from a limited
range of sources and acquisition conditions.
Therefore, the results may not fully represent
performance on images from different regions,
cameras, backgrounds, or lighting conditions.
Evaluation using an independent external
dataset is recommended to further assess the
model's generalization capability.

Table 5. Model Evaluation Results per Class

Class Precision | Recall Sléc};e Support
Dark 1.00 0.98 0.99 45
Green 1.00 0.96 0.98 45
Light 0.92 1.00 0.96 45
Medium 1.00 0.98 0.99 45
AMV:‘f;ge 098 | 098 | 098 | 180

Table 5 shows strong performance across
all four coffee bean roast levels, with macro-
average precision, recall, and F1-score of
approximately 0.98. Dark and Medium achieve
the highest F1-score (0.99), while Light records
perfect recall (1.00) but lower precision (0.92).
Overall, the model demonstrates consistent
classification performance across all classes.
4.2. Confusion Matrix Analysis
The confusion matrix provides a detailed
evaluation of the classification performance
across the four coffee bean roast levels. Most
predictions are concentrated along the main
diagonal, indicating a high number of correctly
classified samples. The misclassifications
mainly involve the Light class, particularly
samples from the Dark, Green, and Medium
classes that are predicted as Light. These errors
may be associated with similarities in bean
appearance and variations in lighting
conditions. The confusion matrix is presented in
Table 6.

Table 6 shows that 176 of 180 test
images were correctly classified, resulting
in an accuracy of 97.78%. The Dark, Light,
and Medium classes achieve 44-45 correct
predictions, while the Green class records
43 correct predictions. The errors are
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primarily associated with predictions
toward the Light class, suggesting that
visual similarities between roast levels may
contribute to misclassification.

Table 6. Confusion Matrix

F"? gélij;le\d Dark Green | Light | Medium
Dark 44 0 1 0
Green 0 43 2 0
Light 0 0 45 0

Medium 0 0 1 44

Although the model demonstrates strong
performance, the results should be interpreted
with caution. The classification performance
may be influenced by the dataset
characteristics, including  similarities in
background, lighting, and image acquisition
conditions. Therefore, the confusion matrix
demonstrates strong performance on the test set
but does not necessarily guarantee
generalization to unseen real-world conditions.
Further evaluation using more diverse and
independently collected coffee bean images is
recommended to assess the model's robustness.
4.3. Learning Curve and Convergence
The learning curve shows a stable
convergence of the MobileNetV2 model during
training. Training accuracy increases from
0.942 to 0.998, while validation accuracy
improves from 0.928 to 0.983. At the same
time, training loss decreases from 0.165 to
0.008, and validation loss decreases from 0.198
to 0.063, indicating consistent optimization
throughout the training process. The learning
curve and convergence results are presented in
Table 7.

Table 7. Learning Curve and Model

Convergence

Epoch Train Val. Train Val.
Acc. Acc. Loss Loss

5 0.942 0.928 0.165 0.198
10 0.976 0.961 0.078 0.112
15 0.988 0.972 0.042 0.089
20 0.993 0.978 0.025 0.076
25 0.996 0.981 0.015 0.068
30 0.998 0.983 0.008 0.063
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Table 7 indicates that both training and
validation performance improve consistently as
the number of epochs increases. The relatively
small gap between training and validation
accuracy at epoch 30 suggests no strong
indication of overfitting during training. The
gradual decrease in both training and validation
loss further indicates stable model convergence.
However, the results are based on the same
dataset distribution, so further evaluation using

independent data is needed to confirm
generalization under different real-world
conditions.

4.4. Web Application Results

The trained MobileNetV2 model is
implemented in a web-based application for
coffee bean roast level classification. The
system allows users to upload images and
obtain prediction results through a simple web
interface. As shown in Table 8, the application
achieves a production accuracy of 97.8% and an
average response time of 1.8 seconds,
indicating efficient prediction performance.
The upload success rate reaches 99.5%,
demonstrating reliable image processing.

The application also supports up to 100
concurrent users with stable performance, while
browser compatibility reaches 95% under the
tested conditions. Overall, the results
demonstrate  that the integration  of
MobileNetV2 into a web-based application
provides an efficient and accessible solution for
automated coffee bean roast level classification
and quality control.

Table 8. Web Application Results

Metric Result Description
Production 97 8% Close to testing
Accuracy accuracy
Response Time 1.8 sec Real-time
performance
Upload Success 99.5% High reliability
Concurrent Users 100 Stable performance
Browser Support 95% High compatibility

Table 8 shows that the web application
achieves 97.8% production accuracy, a 1.8-
second response time, and a 99.5% upload
success rate, indicating efficient and reliable
operation. It supports up to 100 concurrent users
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with 95% browser compatibility, demonstrating
its practicality for automated coffee roast level
classification and quality control.

4.5.  Web Application Analysis

The developed web application consists
of three main components: the frontend
interface, backend processing module, and
prediction engine. The frontend is built using
HTML, CSS, and JavaScript, while Flask is
used as the backend to manage image
preprocessing and communication with the
MobileNetVV2 model. The application provides
asimple and accessible interface for coffee bean
roast level classification.

The system supports multiple users with
an average response time of 1.8 seconds,
enabling fast prediction results. Its web-based
deployment allows users to access the
classification system across different devices
without requiring complex installation. Overall,
the implementation demonstrates the practical
integration of deep learning into a lightweight
web application for automated coffee quality
control. The dashboard and classification
interfaces are presented in Figures 2 and 3.

The web application automatically
classifies coffee bean roast levels from
uploaded images using MobileNetV2 and

displays the predicted class with its confidence
score. The system supports four roast levels—
Dark, Green, Light, and Medium—and provides
fast and consistent classification results. In
practical applications, it can support coffee
bean sorting and quality control by reducing
reliance on manual visual inspection. The
application can also serve as a decision-support
and educational tool for implementing deep
learning in coffee processing.

4.6. Comparative Analysis

This section compares the proposed
MobileNetV2 model with previous studies
using ANN [27] and ResNet50 [28] for coffee
bean image classification, as presented in Table
9. The comparison is intended to provide a
general  reference for evaluating the
performance and practical advantages of the
proposed approach. Since the studies used
different datasets, preprocessing techniques,
image acquisition conditions, and class
definitions, the reported accuracy values should
not be considered as direct benchmarks.

474

§ InsightMiner | Coffee Roast Al Tentang Dataset Mol Detesi

- Uji Coba Deteksi

ol

Kiik untusk Uploed Foto

Figure 2. Dashboard Website
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Figure 3. Classification Web Interface

Table 9. Research Comparison

Study Method | Acc. Adv. Limit.
Previous ANN 97.22 Simple \S/;lrr]?elte
[27] % P y
only
. ResNet5 | 9450 | Accurat Heavy;
Previous 0 [28] % o bean-
type task
This Mobile | 97.78 | Lightwe | Limited
Study NetV2 % ight data

The ANN-based approach reported by
Sarino et al. [27] achieved an accuracy of
97.22% on a single coffee variety, relying on
manually extracted RGB features that may limit
generalization to more diverse roast conditions.
ResNet50, as reported by Aqgsel and
Rachmawanto [28] for coffee bean type
identification, achieved 94.50% accuracy and
provides effective feature extraction, but its
deeper architecture requires greater
computational resources. In comparison, the
proposed MobileNetV2 achieved 97.78%
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accuracy on four roast levels, offering a
lightweight architecture with a good balance
between classification performance and
computational efficiency for web-based coffee
roast level classification.

Although MobileNetVV2 achieved the
highest accuracy in this comparison, the results
should not be considered definitive evidence of
superiority because the compared studies used
different datasets and experimental conditions.
The limited diversity of the current dataset may
also affect generalization. Future research
should conduct controlled comparisons using
the same dataset, preprocessing, data split, and
evaluation metrics.

4.7. Error Analysis

Error analysis was conducted to examine
the misclassified samples produced by the
MobileNetV2 model. The analysis considers
the predicted class, confidence score, and
possible visual factors associated with
classification errors. As shown in Table 10, the
errors mainly involve the Light class, with
confidence scores ranging from 51% to 55%.

Table 10. Classification Error Analysis
Original | Prediction | Confidence Cause
Dark Light 51% d;’ﬁcﬁm’lﬁg
Green-light
transition
beans
Color
variation
within class

Green Light 55%

Medium Light 53%

Table 10 shows that all analyzed errors
are predicted as Light, indicating that this class
has greater visual overlap with the other roast
levels. The Dark-to-Light error may be
influenced by lighting conditions, while the
Green-to-Light error may result from similar
visual characteristics. The Medium-to-Light
error may be related to natural color variation
within the class. The relatively low confidence
scores also indicate that these samples represent
borderline cases for the model.

These factors are considered possible
causes based on visual inspection rather than
definitive explanations. To improve robustness,
future studies should use more diverse samples
and acquisition conditions, together with
additional augmentation such as brightness and
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contrast  variations. Independent external
datasets are also recommended to further
evaluate the model's generalization capability.
4.8. Ablation Study

The ablation study evaluates the
contribution of data augmentation and dropout
to the performance of the MobileNetV2 model
for coffee bean roast level classification. The
results are presented in Table 11.

Table 11. Ablation Study Results

Configuration Test Accuracy | Improvement
Baseline 94.1%
+ Augmentation 98.0% +3.9%
+ Dropout 98.3% +0.3%
Final Model 98.3% +4.2%

Table 11 shows that the baseline model
achieves 94.1% accuracy. Adding data
augmentation increases the accuracy to 98.0%,
providing the largest improvement of 3.9%.
This indicates that augmentation helps the
model learn more robust visual features across
different coffee bean roast levels. The addition
of dropout further improves accuracy to 98.3%,
with a 0.3% improvement, providing additional
regularization during training.

Overall, the final configuration achieves
a 4.2% improvement over the baseline. The
results indicate that data augmentation
contributes most substantially to model
performance, while dropout provides an
additional improvement. These findings
support the use of both techniques in developing
an effective MobileNetV2 model for coffee
bean roast level classification.

5. CONCLUSION

This study applies MobileNetV2 for
coffee bean roast level classification to support
coffee quality control. The model achieves
97.78% accuracy on the testing dataset, with
strong precision, recall, and F1-score across the
four roast levels: Dark, Green, Light, and
Medium. The confusion matrix confirms that
most samples are correctly classified, with only
a small number of misclassifications.

The learning curve shows stable training
without strong indications of overfitting, while
the ablation study demonstrates that data
augmentation provides the largest performance
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improvement, with dropout providing an
additional gain. The developed web application
achieves 97.8% production accuracy with an
average response time of 1.8 seconds,
demonstrating its practical potential for
automated coffee roast level classification and
quality control.

Overall, the proposed approach offers a
promising balance of classification
performance, computational efficiency, and

practical usability. However, the limited
diversity of the dataset may affect
generalization under different real-world

conditions. Future research should expand the
dataset and evaluate the model using more
diverse and independent coffee bean images to
improve robustness and generalization.
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