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Abstract

Distinguishing coffee bean varieties remains a significant challenge in the agricultural industry due to
high inter-class similarity and the subtle morphological differences between species. This study aims to
conduct a comparative evaluation of MobileNetV2 and EfficientNetBO for fine-grained coffee bean
classification, specifically investigating how efficiency-oriented architectural mechanisms such as
depthwise separable convolution and compound scaling influence feature extraction. The research
employed a quantitative experimental method using a private dataset of 2,400 images comprising
Arabica, Robusta, and Liberica varieties. Data preprocessing included resizing to 224x224 pixels and
augmentation, followed by training the two architectures using transfer learning under a controlled
experimental framework. The results showed that EfficientNetBO achieved superior performance with
a testing accuracy of 99.17%, while MobileNetV2 attained a competitive accuracy of 98.33% with
lower computational complexity. These results demonstrate that while EfficientNetBO is optimal for
high-precision industrial sorting, MobileNetV2 offers a highly efficient alternative for resource-
constrained mobile applications. This study provides a scalable framework for automating quality
control, effectively balancing architectural efficiency with the sensitivity required for accurate coffee
variety identification.
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INTRODUCTION

Fine-grained image classification presents a significant challenge in computer vision,
particularly when objects share globally similar appearances but differ in subtle local visual
characteristics (Liu et al., 2024; Pan et al., 2025). In agricultural imaging contexts, this problem
becomes more complex due to the coexistence of high intra-class variability and strong inter-
class similarity within relatively limited (Li et al., 2023; Lu et al., 2022). Coffee bean variety
identification represents a practical manifestation of this challenge, as Arabica, Robusta, and
Liberica beans exhibit highly similar shapes and color distributions, with their distinguishing
characteristics primarily found in micro-textural patterns and surface morphology (Korkmaz et
al., 2025; Shin et al., 2024). These subtle irregularities in surface structure require models with
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high spatial sensitivity, as misclassification frequently occurs in agricultural datasets
characterized by uneven feature distribution (Corthis et al., 2024).

The advancement of Convolutional Neural Networks (CNNs) has substantially improved
automated image classification by enabling hierarchical feature learning directly from raw
image data (Bhagat et al., 2024; Yaseliani et al., 2022). Within agricultural applications, CNN-
based approaches have demonstrated strong capability in extracting discriminative visual
features, including structural and textural patterns that are difficult to capture using handcrafted
descriptors (Fareed et al., 2022; Lambert et al., 2024). However, the deployment of deep CNN
architectures in practical agricultural environments often introduces computational challenges,
particularly when implemented on mobile or embedded systems (Gonzéalez-Briones et al.,
2025; Ni et al., 2024). Although deeper models such as ResNet and EfficientNet variants can
achieve high accuracy, their computational complexity limits their applicability in resource-
constrained scenarios (Kansal et al., 2024; Raja et al., 2022), and their high computational
demands frequently result in unacceptable latency for real-time field monitoring (Aldea et al.,
2023; Bian et al., 2022). Furthermore, previous studies on coffee bean classification, whether
based on classical image processing or deep learning approaches, have reported promising
performance (Hassan, 2024; Strelcenia & Prakoonwit, 2023), yet they predominantly treat
CNN architectures as black-box systems, focusing on final accuracy without examining how
architectural design influences feature representation and learning dynamics (Anto et al., 2025;
Zhao et al., 2024).

This leads to a clear limitation in the current literature, namely the lack of architecture-
level analysis in CNN-based coffee bean classification. Most studies do not investigate how
specific architectural choices affect the model’s ability to capture fine-grained features,
especially under conditions of extreme visual similarity. In addition, comparative evaluations
conducted under consistent preprocessing pipelines and training configurations remain limited
(Alimova et al., 2022; Issitt et al., 2022), making it difficult to draw reliable conclusions
regarding model performance. The issue is further compounded by the limited exploration of
model robustness against minor visual disturbances that frequently occur in real-world
agricultural environments, such as variations in lighting, orientation, and surface contamination
(Binning et al., 2025; Shao et al., 2024).

Beyond these limitations, a deeper scientific gap exists in understanding the relationship
between efficiency-oriented CNN architectures and their ability to preserve high-frequency
visual information. Architectural mechanisms such as depthwise separable convolutions in
MobileNetV2 and compound scaling in EfficientNetBO0 are specifically designed to optimize
computational efficiency; however, their influence on the extraction of micro-textural features
remains insufficiently explored. This issue is critical because precise botanical classification
relies heavily on capturing subtle surface variations. Without a systematic investigation of these
mechanisms, the selection of lightweight models for deployment in agricultural settings risks
prioritizing computational efficiency at the expense of classification reliability.

Therefore, this study aims to conduct a comparative evaluation of MobileNetV2 and
EfficientNetBO within a controlled experimental framework for coffee bean classification. The
objective is not only to measure classification performance but also to analyze how
architectural design affects micro-texture feature extraction, inter-class confusion patterns, and
convergence stability during training. The novelty of this research lies in its architecture-
oriented approach, which goes beyond conventional accuracy-based evaluation by providing
insight into the internal behavior of lightweight CNN models. The findings of this study are
expected to contribute to a more informed selection of efficient and reliable deep learning
models for real-world agricultural applications, particularly in resource-constrained
environments.
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METHOD

This study adopts a quantitative experimental approach to classify three coffee bean
varieties: Arabica, Robusta, and Liberica. The primary dataset consists of 300 original images
acquired through direct collection, which were subsequently expanded to 2,400 samples
through data augmentation to enhance feature variation and prevent overfitting. This
augmentation process which includes a transformation function applied to rotation (up to 90°),
zooming, shearing, and brightness adjustments was applied exclusively to the training set to
ensure the objectivity of the validation and testing phases. All images were resized to 224 x
224 pixels to comply with the input specifications of the selected convolutional neural network
(CNN) architectures. The dataset was partitioned into training, validation, and testing subsets
using an 85:10:5 ratio, resulting in 1,920 training images, 360 validation images, and 120 test
images. This distribution prioritizes robust feature learning during the training phase while
maintaining a separate, unbiased test set for performance evaluation. The overall experimental
workflow, from data acquisition to performance evaluation, is systematically illustrated in
Figure 1.
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Figure 1. Research method

This study evaluates two lightweight CNN architectures: MobileNetV2 and
EfficientNetB0. MobileNetV2 was selected for its depthwise separable convolutions and
inverted residual blocks, which offer high computational efficiency for resource-constrained
environments. In contrast, EfficientNetB0 was chosen for its compound scaling strategy, which
systematically balances network depth, width, and resolution to capture fine-grained textures
and morphological patterns essential for distinguishing visually similar coffee varieties.
Experiments were conducted using the TensorFlow and Keras frameworks within a Google
Colab environment, supported by an NVIDIA Tesla T4 GPU. A transfer learning strategy was
implemented by utilizing pre-trained ImageNet weights. The convolutional backbones of both
models remained frozen to preserve learned generic features, while only the custom
classification heads consisting of Global Average Pooling, a dropout layer to mitigate
overfitting, and a Dense layer with Softmax activation were trained. The optimization process
employed the Adam algorithm with a learning rate of 0.0001, a batch size of 32, and a duration
of 25 epochs. These hyperparameters were selected based on preliminary pilot experiments to
achieve stable convergence. To further enhance training stability and efficiency,
ReduceLROnPlateau and EarlyStopping mechanisms were integrated into the pipeline. The
models were optimized by minimizing the Categorical Cross-Entropy loss function (L), which
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measures the divergence between the predicted probability distribution and the ground-truth
labels (see equation 1).

Leg = —Zic=1}’i log(y)i (1)

Where M denotes the total number of classes, yc represents the ground-truth label (one-
hot encoded), and y-hat c is the predicted probability for class c. Finally, the model performance
was evaluated using Accuracy, Precision, Recall, and F1-Score. These metrics provide a
comprehensive assessment of the models' ability to minimize false predictions and distinguish
between visually similar coffee bean classes under controlled experimental settings.

RESULTS AND DISCUSSION
Results

In alignment with the research workflow illustrated in Figure 1, the results of this study
are presented in stages, beginning with the data preprocessing outcomes and concluding with
a detailed analysis of architectural performance. The initial phase of the research successfully
transformed the primary dataset of 300 original images into 2,400 training-ready samples
through data augmentation techniques. This process, which involved geometric and
photometric manipulations such as rotation, zooming, and brightness adjustments proved
crucial in enriching feature variation without compromising the integrity of the test data. By
partitioning the dataset using an 85:10:5 ratio, the models were able to learn the visual
characteristics of coffee beans in depth during the training phase before being objectively
evaluated against 120 independent images. The model training experiments, conducted in a
GPU-based computing environment over 25 epochs, revealed distinct learning characteristics
for each architecture.
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Figure 2. MobileNet-V2 performance

As monitored through the learning curves in Figure 2 and Figure 3, a consistent
convergence between training and validation metrics was observed for both models. Figure 2
displays the performance profile of MobileNetV2, which reached peak validation accuracy
stability at epoch 13 with a value of 96.02%. Meanwhile, Figure 3 illustrates the superiority of
EfficientNetB0, which demonstrated more consistent feature learning behavior throughout the
training process, achieving a validation accuracy of 99.15% with a significantly lower
validation loss of 0.0718. The minimal gap between the training and validation lines in both
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figures indicates that the applied regularization and augmentation strategies effectively
mitigated overfitting, resulting in a stable convergence profile.

The superiority of EfficientNetBO is further validated through the final evaluation using
the test dataset. EfficientNetBO achieved a testing accuracy of 99.17%, outperforming
MobileNetV2, which reached 98.33%. To provide a clearer and more structured analysis, the
evaluation results are separated into two tables. Table 1 presents the detailed performance of
MobileNetV2. The model achieved strong classification results, with F1-Scores of 0.98 for
Arabica, 0.97 for Liberica, and a perfect 1.00 for Robusta. These results indicate that
MobileNetV2 is capable of capturing general discriminative features across classes. However,
a slight imbalance between precision and recall is observed in the Arabica and Liberica classes,
reflecting the model’s limitation in distinguishing highly similar micro-textures. In terms of
efficiency, MobileNetV2 recorded a faster inference time of 74.89 ms, highlighting its
suitability for deployment in resource-constrained environments.
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Figure 3. EfficientNetB0 perfomance
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Table 1. Model evaluation mobilenetv2

Class Precision Recall  F1-Score Accuracy Inference
Time
Arabica 0.95 1.00 0.98 0.98 74.89 ms
Liberica 1.00 0.95 0.97 0.98 74.89 ms
Robusta 1.00 1.00 1.00 0.98 74.89 ms
Table 2. Model evaluation efficientnetbO
Class Precision Recall F1-Score Accuracy Inference
Time
Arabica 0.98 1.00 0.99 0.99 83.74 ms
Liberica 1.00 0.97 0.99 0.99 83.74 ms
Robusta 1.00 1.00 1.00 0.99 83.74 ms

Table 2 shows the performance of EfficientNetB0, which consistently outperforms
MobileNetV2 across all evaluation metrics. The model achieved near-perfect results, with
average Precision, Recall, and F1-Score values reaching 0.99. Notably, EfficientNetBO
demonstrates a better balance between precision and recall in the Arabica and Liberica classes,
which are known to exhibit high visual similarity. The inference time of 83.74 ms is slightly
higher than that of MobileNetV2; however, this increase is justified by the significant
improvement in classification accuracy and robustness.
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A deeper architectural analysis provides a scientific explanation for these performance
differences, particularly regarding the challenges of similar surface textures and color
distributions between Arabica and Liberica varieties. The use of Depthwise Separable
Convolution in MobileNetV2 maximizes computational efficiency; however, this mechanism
tends to lead to the loss of subtle spatial information required to distinguish micro-textures on
coffee beans. Conversely, the Compound Scaling method in EfficientNetB0 allows the model
to balance network depth, width, and resolution proportionally. This scaling capability enables
EfficientNetBO to extract micro-features, such as texture strokes, and macro-features, such as
seed morphology, simultaneously with greater precision.
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Figure 4. MobileNet-V2 prediction Figure S. EfficientNetBO prediction

\
Arabica

The significance of this feature extraction capability is visualized in the model prediction
results. The results in Figure 4 show that MobileNetV2 is capable of recognizing general
patterns but still exhibits a small margin of uncertainty for varieties with complex textures.
Meanwhile, the results in Figure 5 demonstrate that EfficientNetBO provides higher and more
stable prediction confidence, proving its robustness in handling inter-class similarity.
Confusion matrix analysis reinforces these findings: MobileNetV2 showed minor errors in
predicting Liberica varieties by misclassifying them as Arabica (recall of 0.95), whereas
EfficientNetBO successfully minimized this ambiguity with a higher recall value of 0.97.
Overall, the choice of architecture should be tailored to implementation needs; EfficientNetBO
is recommended for tasks requiring high precision, while MobileNetV2 remains an efficient
alternative for edge computing environments.

Discussion

The experimental results indicate that both MobileNetV2 and EfficientNetBO achieve
high classification performance under controlled experimental conditions; however, a deeper
analytical perspective reveals substantial differences in learning behavior and representational
capacity that are strongly influenced by architectural design. The convergence patterns
observed in both models, characterized by minimal divergence between training and validation
metrics, confirm that the applied augmentation and regularization strategies effectively
promote generalization. EfficientNetBO demonstrates superior convergence stability, as
evidenced by lower validation loss and more consistent optimization trajectories across epochs.
This behavior can be theoretically explained through the compound scaling principle, which
systematically balances network depth, width, and input resolution, thereby improving gradient
flow and enabling more stable hierarchical feature learning (Tan & Le, 2021).
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A more nuanced interpretation emerges when examining class-level performance in the
context of fine-grained visual similarity. MobileNetV2 achieves strong overall accuracy;
however, the imbalance between precision and recall in the Arabica and Liberica classes
indicates a limitation in capturing subtle micro-textural variations. This observation is
consistent with prior findings that depthwise separable convolution, although computationally
efficient, constrains inter-channel feature interaction and reduces the richness of spatial
representations (Zhao et al., 2024). In contrast, EfficientNetBO consistently achieves a more
balanced precision—recall profile, indicating improved sensitivity to high-frequency visual
patterns. Such performance aligns with studies demonstrating that deeper and well-scaled
architectures enhance discriminative feature extraction in fine-grained classification tasks by
enabling multi-level feature abstraction (Bera et al., 2023; Valarmathi et al., 2023).

The confusion matrix analysis further strengthens this interpretation by revealing
differences in class separability. The misclassification of Liberica as Arabica in MobileNetV2
reflects the inherent difficulty of distinguishing categories with overlapping morphological and
textural characteristics. EfficientNetBO reduces this ambiguity and achieves higher recall,
suggesting that the architecture is more effective in learning compact and separable feature
embeddings. This finding is consistent with theoretical perspectives in deep learning, where
increased network capacity and balanced scaling contribute to improved intra-class
compactness and inter-class separability (Li et al., 2023; Lu et al., 2022). Consequently,
EfficientNetBO demonstrates a stronger ability to model complex visual distributions
associated with fine-grained agricultural datasets.

The analysis of computational efficiency reveals a clear trade-off between inference
speed and classification performance. MobileNetV2 achieves lower inference time, confirming
its suitability for deployment in edge computing and resource-constrained environments. This
efficiency is primarily attributed to the use of lightweight convolutional operations designed to
minimize computational overhead (Kansal et al., 2024). EfficientNetBO, on the other hand,
requires slightly higher computational resources; however, the improvement in accuracy and
robustness justifies this increase, particularly in applications where precision is critical. This
trade-off reflects a well-established principle in deep learning, where enhanced representational
capacity is associated with increased computational demand (Gonzélez-Briones et al., 2025).

In relation to prior studies on coffee bean classification, existing research predominantly
emphasizes accuracy as the primary evaluation metric while treating CNN architectures as
black-box systems (Hassan, 2024; Korkmaz et al., 2025). The present study advances this line
of research by providing an architecture-oriented analysis that explicitly links design
mechanisms to feature extraction capability and classification behavior. The consistent
classification of the Robusta class by both models indicates that categories with distinct
morphological characteristics can be effectively learned even by lightweight architectures.
Conversely, the reduced performance observed in Arabica and Liberica highlights the necessity
of architectures capable of capturing fine-grained visual cues. This observation reinforces the
argument that architectural configuration plays a critical role in determining model
effectiveness in complex classification scenarios.

The controlled experimental design employed in this study further enhances the
reliability of the findings. By maintaining identical preprocessing procedures, training
configurations, and evaluation protocols, the observed performance differences can be directly
attributed to architectural characteristics rather than external experimental variations. Such
methodological consistency addresses limitations reported in previous works, where
heterogeneous experimental setups often obscure the true impact of model design (Alimova et
al., 2022; Issitt et al., 2022).

Several limitations should be acknowledged to provide a balanced interpretation of the
results. The dataset was collected under controlled environmental conditions, which may not
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fully represent the variability encountered in real-world agricultural settings, including
illumination changes, occlusions, and surface contamination. Consequently, the reported
performance represents an upper-bound estimation of model capability. Future investigations
should incorporate more diverse and heterogeneous datasets to evaluate generalization
performance more rigorously. In addition, the integration of explainability techniques, such as
attention visualization methods, would provide deeper insight into the spatial regions utilized
by each model during classification, thereby enhancing interpretability and transparency
(Lambert et al., 2024).

These findings demonstrate that the effectiveness of lightweight CNN architectures in
fine-grained classification is fundamentally determined by their architectural design.
EfficientNetB0 exhibits superior capability in capturing subtle visual patterns and maintaining
classification stability through balanced scaling mechanisms, whereas MobileNetV2 offers a
computationally efficient alternative suitable for real-time applications.

CONCLUSION

This study evaluated the performance of lightweight convolutional neural network
architectures, namely MobileNetV2 and EfficientNetB0, for fine-grained classification of
coffee bean varieties under identical experimental conditions. The results indicate that
EfficientNetBO achieves higher classification accuracy, reflecting its stronger capability in
capturing subtle visual features of visually similar coffee beans, while MobileNetV2 provides
competitive performance with lower computational requirements, making it suitable for
implementation on resource-limited systems. These findings confirm that architectural
selection should consider both accuracy and computational efficiency according to application
needs. The experiments were conducted using a limited dataset collected in controlled
conditions and focused on a three-class classification task; therefore, the obtained results
represent indicative performance. Future research may involve larger and more diverse
datasets, repeated evaluations, and real-world testing scenarios to further assess model
generalization and robustness. This research contributes to the application of lightweight deep
learning models in agricultural image classification, particularly in supporting efficient and
practical decision-making systems.
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