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The classification of coffee bean roast levels using Agtron standards has
evolved from traditional subjective methods to technology-driven approaches
employing advanced artificial intelligence. Recent advancements in computer
vision have demonstrated the capability of convolutional neural networks
(CNNs) in providing objective and consistent roast level classification
compared to human visual assessment, which is prone to variability and
subjectivity. This research presents a performance analysis of five CNN
architectures (AlexNet, ResNet, MobileNet, VGGNet, and DenseNet) for
classifying coffee beans into eight distinct Agtron roast levels. The
comprehensive methodology encompasses four phases: i) data acquisition, ii)
image preprocessing, iii) model training and validation, and iv) evaluation
metric. During training-validation, DenseNet outperformed other models,
achieving 99.702% training accuracy and 77.68% validation accuracy. In the
testing evaluation, DenseNet also led with an average testing accuracy of

93.8%, followed by ResNet at 92.6%, VGGNet and AlexNet both at 92.4%,
and MobileNet at 89.7%. The results show that the DenseNet shows promise
in classifying Agtron coffee-bean roast classification.
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1. INTRODUCTION

Roasted coffee beans undergo a detailed classification process to maintain consistency and quality in
the final product [1]. A well-known standard for this classification is the Agtron system [2]. The specialty
coffee association (SCA), an international organization in the coffee industry, plays a key role in establishing
methodologies for evaluating and classifying roasted coffee beans. For many years, the SCA has utilized tools
like the Agtron system to assess coffee quality by assigning scores to samples [3], [4]. The Agtron classification
provides an objective, standardized measure of roast levels, ensuring uniformity and quality in coffee
production, which is crucial for both commercial and specialty coffee markets. Additionally, the Agtron system
has been instrumental in coffee research, particularly in studies investigating how roast levels influence
chemical composition [5]. Researchers have employed Agtron measurements to analyze the impact of different
roast levels on compounds like chlorogenic acids and caffeine, which affect both flavor and health benefits [6].
These findings have guided commercial roasting practices and deepened the understanding of coffee science,
emphasizing the importance of precise roast profiling in achieving desired flavors.

The Agtron classification relies on advanced technology to measure roast levels [7]. Recent
technological developments have improved the accuracy and usability of the Agtron system. Modern
spectrophotometers and software enhancements have simplified roast profile analysis, making it more
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accessible for both small-scale and large-scale coffee producers [8]. Convolutional neural network (CNN) has
emerged as a powerful tool for automating the classification of coffee bean roast levels, offering a means to
refine and standardize the process [9]. CNN’s architecture, which draws inspiration from the human visual
system, is particularly well-suited to the visual analysis required for classifying roasted coffee beans, and they
have consequently shown considerable promise in this application [10]. By training on large datasets of labeled
images, CNNs can learn to distinguish between different roast levels based on the visual characteristics of the
beans, effectively automating a process that traditionally required manual input [11], [12]. This not only
accelerates classification but also minimizes human error and variability, enhancing overall efficiency.

Recent research has increasingly focused on CNN-based methods for automated classification of
coffee bean roast levels, offering more objective and consistent evaluation compared to traditional human
visual assessment. In one notable study [13], proposed a custom CNN architecture demonstrated exceptional
performance in categorizing coffee beans into four distinct roast levels (light, medium, medium-dark, and
dark), achieving 97.5% classification accuracy through optimized hyperparameter tuning and data
augmentation techniques. Another investigation on [14] used ResNet50 architecture implemented on an
Android platform, which successfully identified different types of roasted coffee beans with 83.3% average
accuracy, showcasing the potential for practical, on-the-go quality assessment in production facilities and
coffee shops. The study specifically emphasized the model’s proficient utilization of memory and its capacity
for real-time analysis, attributes that render it a viable candidate for implementation on resource-constrained
edge devices. Research on [15] conducted a systematic performance analysis including SqueezeNet,
ShuffleNet, MobileNetV2, and NASNet Mobile in classifying four roast classes (green, light, medium, and
dark). Similarly, work by Hassan [16] explored multiple CNN architectures for four-level roast classification
from an online coffee-bean dataset, to determine the accuracy of pre-trained models in identifying four coffee-
bean classes through advanced deep learning approaches.

Current research trajectories position CNN architectures as a substantial advancement within coffee
quality assessment. Ongoing research and development suggest these CNN-based methodologies are poised to
assume a critical function in future quality control and roasting processes. However, an identified limitation in
the extant literature is its constrained scope concerning the specific application of CNNs for classifying coffee
bean roast levels. Unlike previous research, which typically categorizes roasting levels into only four classes
(green, light, medium, and dark), this study conducts a comparative analysis of five CNN architectures to
classify eight Agtron classes, such as very dark, dark, moderately dark, medium, medium light, moderately
light, light, and very light. These offer a more detailed classification of coffee bean flavors. Furthermore, this
research creates its dataset by employing images and a camera as sensors for experimentation, whereas previous
studies often used datasets sourced from the internet. Thereby, this research contributes to creating a new
dataset. Moreover, our prior research [17] developed a graphical user interface (GUI) within an embedded
system for coffee bean classification, but it still utilized one CNN model, as the proposed system could replace
the training output file. Building on this, this study aims to conduct a more in-depth analysis of multiple CNN-
based models for classifying Agtron color levels in coffee beans. To achieve a highly accurate system, this
paper presents a comparative performance analysis of five CNN architectures, such as AlexNet, ResNet,
MobileNet, VGGNet, and DenseNet, to classify eight Agtron classes and identify the best-performing model
for roasted coffee bean classification. The evaluation metrics include a confusion matrix used for each of the
five architectures.

2. RELATED STUDIES
2.1. Agtron classification

The Agtron classification system has undergone significant advancements and found diverse
applications in recent years, mirroring the evolving landscape of coffee technology [18]. This system
constitutes a widely employed method for evaluating coffee bean roast levels. It employs a spectrophotometer
to measure color and assign a numerical value on the Agtron scale, which ranges from light to dark roast [19].
The scale plays a crucial role in maintaining consistency in coffee roasting by offering an objective measure
of roast degree, which directly influences flavor profiles and consumer preferences [20]. In this study, it is use
the Agtron roast color standard is used for roasted coffee beans with eight color levels consisting of R-25,
R-35, R-45, R-55, R-65, R-75, R-85, and R-95.

2.1. CNN architectures

CNNs have become a prevalent tool for classification, a utility largely attributable to their ability to
perform autonomous feature extraction directly from raw data. This approach would address the growing
demand for multimodal classification systems in real-world applications [18], [20]. Ongoing research in these
areas will further enhance the potential of CNNs for classification tasks, such as determining coffee-bean
Agtron classes. AlexNet was the first deep CNN to effectively utilize GPU acceleration for training. The
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accomplishments of this network were instrumental in establishing the viability of deep learning for complex
image classification, thereby catalyzing the broad integration of CNN into computer vision [21]. For example,
a study by [22] investigated combining AlexNet with ensemble genetic algorithms to boost image classification
performance. This hybrid method sought to optimize feature selection and enhance classification accuracy,
illustrating AlexNet’s adaptability when integrated with other machine learning techniques. Collectively, this
research highlights AlexNet’s enduring influence and flexibility in image classification, while also
acknowledging its pivotal role in the broader development of CNN architectures.

VGGNet is a CNN architecture that made significant strides in the part of computer vision [23]. Over
the preceding five-year period, VGGNet has been extensively utilized and modified across diverse domains,
with particular prominence in the fields of medical imaging and object detection [24]. This research utilized
VGGNet, as it has not only driven advancements in image classification but also contributed significantly to
progress in object detection and transfer learning [25]. ResNet has constituted a seminal contribution to the
field of deep learning [26]. Its foundational element is the residual block [27], an architectural module
comprising multiple convolutional and batch normalization layers, interspersed with activation functions. This
architecture prioritizes a lightweight design and minimal computational overhead, thereby representing a
significant advancement in the development of efficient deep learning models [28], [29]. Recent research
efforts have focused on enhancing the operational efficiency and functional adaptability of MobileNet
architectures. This has been pursued through the incorporation of optimization techniques such as numerical
quantization and their integration with specialized edge artificial intelligence frameworks, including
TensorFlow Lite and PyTorch Mobile [30], [31]. These advancements have established MobileNet as another
choice for real-time applications, including object detection, facial recognition, and augmented reality on
embedded or mobile devices [32]. DenseNet is a CNN architecture distinguished by its dense connectivity
pattern, where each layer is connected to every other layer in a feed-forward manner. This design encourages
feature reuse, reduces the number of parameters, and alleviates the vanishing gradient problem, making
DenseNet highly efficient for deep learning tasks [33]. Research on DenseNet has centered on improving its
scalability and adaptability for applications such as autonomous driving, medical image classification, and
natural language processing [34], [35]. Furthermore, DenseNet remains a powerful and versatile architecture,
fostering innovation in both academic research and industrial applications [36].

3. METHOD

The comparative performance analysis in this research was executed according to a structured, multi-
stage methodology, outlined in Figure 1. The process began with the collection of a coffee-bean roast dataset,
categorized into eight classes based on Agtron classes. The initial phase involved preprocessing the dataset to
ensure the images were standardized and ready for analysis. Following this, the performance of several
prominent CNN architectures namely AlexNet, ResNet, MobileNet, VGGNet, and DenseNet was evaluated.
Each model underwent a comprehensive training and validation process to generate a classifier as the output.
These classifiers were then rigorously tested using evaluation metrics consist of the confusion matrix and
accuracy score, to assess their effectiveness in classifying the coffee-bean roast images. This systematic
methodology facilitated a comprehensive evaluation of the models’ capabilities, yielding critical insights
regarding their performance and appropriateness for the intended application.
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Figure 1. Research method

3.1. Data collection
This research is collected the dataset ourselves for the experiment. The materials used during the
dataset collection are shown in Figure 2. A computer, a mini box photo studio, a Brio 4K Web Camera, and its
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software were used, as shown in Figure 2(a). To reduce the impact of environmental factors during image
capture, the same parameters such as brightness, contrast, exposure, and other settings were maintained for all
images, as seen in Figure 2(b). The materials consist of roasted coffee beans with various color levels and the
Agtron roast color standard, as shown in Figure 2(c). The image was taken using lighting conditions using light
from the LED on the miniphoto box and the following camera settings: i) brightness set to 115, ii) contrast set
to 125, iii) sharpness or saturation set to 110, iv) noise reduction set to 110, and v) chroma key effect intensity
set to 55. Coffee beans were chosen to precise Agtron specifications, and images were captured under
controlled lighting conditions and settings to minimize variability. Each roasted coffee bean was matched with
the Agtron roast color standard for the labeling process and then placed into the photo box studio for image
capture. The captured images were organized into folders on the computer corresponding to the respective
Agtron roast color classes. After all images were captured, data augmentation through image transformation
was implemented to expand the dataset. By applying various image transformations, able to simulate different
viewing conditions and perspectives, which helps improve the generalizability of the models trained on this
dataset. Techniques such as vertical-horizontal flipping, rotation, zooming in and out, featurewise
transformation, width-height shifting, and random cropping were applied to introduce greater variation in the
images. The dataset laid the groundwork for training and evaluating for each AlexNet, ResNet, MobileNet,
VGGNEet, and DenseNet.

(b)

Figure 2. Materials for dataset collection; (a) tools for data collection, (b) software settings, and (c) Agtron
roast color and coffee-bean roasted

3.2. Model training and validation

The training step was carefully monitored to ensure that the models were learning effectively. The
training process for all five models AlexNet, ResNet, MobileNet, VGGNet, and DenseNet was conducted in
parallel to ensure consistency and fairness in the comparison. Each model was trained for 50 epochs, a duration
determined to be sufficient for the models to learn meaningful patterns from the dataset without excessive
computational overhead. The environment for training was set up using the Anaconda distribution on the high-
performance computing (HPC) Mahemeru BRIN facility, which provided the necessary computational
resources for handling large-scale machine learning tasks. Hyperparameter tuning played a crucial role in
optimizing the models’ performance. This study employed the Adam optimizer on account of its adaptive
learning rate capabilities, which are instrumental in attaining superior convergence speed over standard
gradient descent. The learning rate of 0.005 was selected after several trials to balance the speed of convergence
with the stability of training. Similarly, the batch size of 64 was chosen to ensure efficient use of computational
resources while maintaining a sufficient number of samples for gradient updates. Weight momentum and decay
were set to 0.9 and 0.005, to regularize the models and prevent overfitting while ensuring smooth updates to
the model parameters.

3.3. Evaluation metric

Evaluation metrics constitute a fundamental component in the assessment of machine learning model
performance, as they supply quantitative evidence of a model’s capacity to generalize to unseen data. In the
evaluation of the CNN architecture, the primary metrics employed were the confusion matrix and classification
accuracy. The confusion matrix serves as a diagnostic tool that delineates model performance by tabulating the
incidence of true and false classifications across all categories, thereby providing a detailed breakdown of
predictive outcomes [37]. A confusion matrix provides a structured tabular overview for evaluating
classification model performance, quantifying predictive outcomes through the categories of true positives
(TP), true negatives (TN), false positives (FP), and false negatives (FN). Disparities in model performance can
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be further elucidated through the derivation of key metrics including accuracy, precision, recall, and F1-score—
computed from the constituent values of the confusion matrix.

4. RESULTS AND DISCUSSION
4.1. Dataset collection

The results of the dataset collection process are summarized in Figure 3. Also, Figure 4 provides
visual examples of images from each class, offering a clear representation of the dataset’s diversity and quality.
This dataset consists of images of coffee beans roasted at eight distinct Agtron roast classes, representing a
range of roast profiles from very dark to very light. In total, 2,522 images of coffee beans were gathered and
categorized into eight classes, each corresponding to a specific Agtron class. These classes are labeled as R25
as shown as Figure 4(a), R35, as shown in Figure 4(b), R45, as shown in Figure 4(c), R55, as shown in
Figure 4(d), R65 as shown in Figure 4(e), R75 as shown in Figure 4(f), R85, as shown in Figure 4(g), and R95,
as shown in Figure 4(h). Each class is stored in a separate folder named for its respective Agtron class.
Furthermore, the dataset was partitioned into training, validation, and testing subsets in accordance with
established machine learning protocols, utilizing an 80 (training), 10 (validation), and 10 (testing) ratio.
Adherence to this conventional framework ensures the dataset provides a robust foundation for developing
models proficient in the accurate classification of coffee bean roast levels.

Agtron Class | Number Files | Train | valid | Test
=====================4==============dsss====4ossss==odoso=s
R25 Very Dark | 313 | 251 | 31| 3

R35 Dark | 321 | 257 | 32 | 32

R45 Moderately Dark | 310 | 248 | 31| 31
R55 Medium | 314 | 252 | 31 | 31

R65 Light Medium | 310 | 248 | 31| 3
R75 Moderately Light | 349 | 279 | 35 | 35
R85 Light | 331 | 265 | 33| 33

RS5 Very Light | 274 | 220 | 27 | 27
Total | 2522 | 2020 | 251 | 251

Figure 3. Dataset composition

% ¢ 0906 vee 260%

(a) (b (d)
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Figure 4. Sample images from the dataset for each class of Agtron class; (a) R25, (b) R35, (c) R45, (d) R55,
(e) R65, (f) R75, (g) R85, and (h) R95

4.2. Training and validating

After the training step on HPC Mahameru, the training output files for each model were obtained in
the form of “.pth” and “.pkl” formats. These files contained the trained weights, configurations, and other
relevant data necessary for further analysis. The training result files were then analyzed using Jupyter Notebook
for evaluation, where performance metrics, including accuracy, loss, and confusion matrices, were computed
and visualized. Metrics such as loss and accuracy were logged, providing insights into the models’ behavior
over epochs. Figure 5 depict the training performance metrics, including accuracy and loss, for both training
and validation phases across all epochs for the five CNN models. The results demonstrate a positive correlation
between epoch count and model performance, characterized by increasing accuracy and a concomitant
reduction in loss for both training and validation datasets. DenseNet achieved the highest training accuracy at
99.702% and the highest validation accuracy at 77.68%. The remaining models’ training accuracies were as
follows: ResNet at 97.07%, MobileNet at 95.544%, VGGNet at 89.851% and AlexNet at 85.346%, which was
the lowest. The best-performing model displayed exceptional convergence and reached peak accuracy with
minimal training and validation losses. It achieved faster convergence, kept the disparity between training and
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validation loss to a minimum, and consistently delivered superior accuracy compared to the other models.
ResNet also showed strong performance, achieving near-perfect training accuracy, indicating its ability to learn
complex patterns effectively. MobileNet, while slightly less accurate, demonstrated its efficiency and
suitability for resource-constrained environments due to its lightweight architecture. AlexNet, despite being
the oldest architecture among the tested models, still achieved reasonable accuracy, showcasing its
foundational role in the evolution of CNNs. Upon completing the training process, the models were evaluated
using a separate test dataset to measure their generalization capabilities. Performance metrics described in
section 4.3, to provide a comprehensive assessment of each model’s effectiveness. The results were compared
across the five CNN architectures to identify the best-performing model for the coffee bean roast classification
task. This systematic approach to training and evaluation ensured that the models were rigorously tested and
optimized, providing reliable insights for the study.

Model's Training Accuracy Model's Training Loss
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Figure 5. Models and validating accuracy and loss

4.3. Evaluation matrix

Within the domain of image classification, several evaluation metrics are extensively employed,
notably the confusion matrix (CM) and classification accuracy. The evaluation metrics and comparative
performance of this study are illustrated in Figure 6. Specifically, the CM corresponds to AlexNet Figure 6(a),
VGGNet Figure 6(b), ResNet Figure 6(c), MobileNet Figure 6(d), and DenseNet Figure 6(¢). Based on the
empirical results, the testing accuracy, precision, recall, and F1-score were quantified for each model and
individual class, as comprehensively detailed in Figure 6(f). The DenseNet model emerged as the top-
performing architecture after averaging the experimental results, achieving an impressive average for accuracy
of 93.8%, precision of 76%, recall of 75,4% and f1-score of 0.755. ResNet followed closely with an accuracy
of 92.6%, while VGGNet and AlexNet both achieved identical accuracies of 92.4%. MobileNet recorded the
lowest accuracy at 89.7%. When evaluating the averaged accuracy scores across all locations, DenseNet
consistently outperformed the other models, whereas MobileNet struggled to deliver competitive results in this
classification task. Notably, DenseNet’s training and testing accuracy metrics aligned perfectly, reinforcing
DenseNet’s superior performance across the board. DenseNet encourages feature reuse and substantially
improves parameter efficiency, making it more effective in tasks requiring fine-grained visual distinctions. In
other cases, while DenseNet’s architecture enhances feature reuse and improves parameter efficiency, it is also
susceptible to overfitting. Traditional dropout methods can interfere with the dense feature propagation in
DenseNet, reducing their regularization effectiveness and unintentionally harming generalization [33], [38]. A
closer examination of class-specific performance revealed that AlexNet achieved perfect accuracy 100% in the
R25 class, making it the best performer for that particular class. VGGNet and ResNet followed with 99.2%
accuracy, while DenseNet achieved 96.8%. MobileNet lagged significantly behind, recording only 88.048%
accuracy in the same class. The observed variation in performance across classes indicates that certain
architectures may be more effective for particular data types, underscoring the necessity of aligning model
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selection with the distinct characteristics of the dataset. Additionally, combining multiple preprocessing
methods or concatenating feature vectors derived from different approaches could enhance the overall quality
of the input data. Exploring alternative neural network architectures, such as transformers or hybrid models,
could also yield better results. Furthermore, the low performance of certain models in specific classes may
indicate a need for methodological adjustments. Additionally, exploring the integration of unsupervised or self-
supervised learning techniques might reduce the reliance on large labeled datasets. Future developments in
deep learning techniques, including refined attention mechanisms and adaptive learning rates, are anticipated

to considerably expand the frontiers of achievable accuracy in coffee-bean roast classification tasks.
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Figure 6. Confusion matrix and comparative performance; (a) AlexNet, (b) VGGNet, (c) RestNet, (d)

MobileNet, (e) DenseNet, and (f) testing accuracy, precision, recall, and F1-score

5. CONCLUSION

Recent advancements in CNN architectures have significantly enhanced coffee-bean roasting level
classification, particularly in predicting Agtron classes. This study provides a comprehensive performance
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comparison of several CNN models AlexNet, ResNet, MobileNet, VGGNet, and DenseNet through a
structured evaluation process involving data collection, preprocessing, training, validation, and evaluation
matrix. This research utilized cost-effective image-based data collection with a camera. During training and
validation, DenseNet outperformed other models, achieving 99.702% training accuracy and 77.68% validation
accuracy. In the final evaluation, DenseNet also led with an average testing accuracy of 93.8%, followed by
ResNet at 92.6%, VGGNet and AlexNet both at 92.4%, and MobileNet at 89.7%. The findings reveal critical
trade-offs between computational efficiency and accuracy, which must be considered when deploying coffee-
bean classification systems in real-world applications. While DenseNet delivered the highest accuracy,
lightweight models like MobileNet could be more practical. Future research could explore hybrid architectures
that combine the strengths of different CNNs while optimizing computational efficiency. Next, unsupervised
learning techniques could reduce reliance on large labeled datasets, making the system more scalable.
Emerging advancements in attention mechanisms and adaptive learning rate optimization could further refine
Agtron-level classification, paving the way for more precise and automated coffee roasting processes.
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