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Abstract

The first problem faced in coffee bean classification is that the manual grading or sorting process still relies heavily
on human labor, making it subjective, time-consuming, and prone to errors. Secondly, existing deep learning-based
systems often require substantial computing resources, rendering them inefficient for industrial-scale implementation
or on limited hardware. The research objective is to develop an efficient, lightweight, and accurate automatic
classification model to recognize coffee bean color and support the automation of quality control processes in the
coffee post-harvest chain. This study develops an automated system for coffee bean classification based on four color
classes: light, medium, green, and dark, utilizing the lightweight EfficientNet model with fine-tuning of smaller
versions of EfficientNet (B0-B3). The research stages consist of dataset acquisition, pre-processing, modeling and
fine-tuning, as well as model evaluation on the detection system on low-end devices. The main innovation of this
research is the efficiency and speed of real-time classification of coffee bean color images using a lightweight CNN
model optimized through quantization, which supports field applications with hardware limitations without
sacrificing accuracy. Fine-tuning EfficientNetB0 by unfreezing the last 30 layers achieved 97.17% training accuracy
and 99.25% validation accuracy with consistent loss reduction, supported by Test-Time Augmentation (TTA) which
improves prediction stability to >80% confidence against variations in field image quality. Deployment to
TensorFlow Lite (TFLite) with 8-bit quantization resulted in a lighter model that maintained 99.50% accuracy and
accelerated inference by up to 6x compared to the original H5 model, and excelled at multi-object detection without
sacrificing classification confidence.
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1. INTRODUCTION

Coffee bean quality assessment during the post-harvest stage is heavily influenced by bean color,
as it reflects the ripeness and roasting level, which impact flavor and selling price[1], [2]. Quantitative
color measurements have been utilized in laboratory studies to correlate color patterns with the degree
of roasting and product quality[3], [4]. In recent years, computer vision and deep learning techniques
have demonstrated high performance in coffee bean quality classification and inspection tasks, including
defect detection [5], [6]distinguishing between ripe and unripe beans, and determining roasting levels.
Various pre-trained CNN architectures (e.g., DenseNet, MobileNet, Inception, ResNet, and
EfficientNet) have been compared and proven capable of achieving high accuracy on diverse coffee
datasets[7], [8], [9]. However, many studies focus on binary classification (good vs. defective) or
specific defect detection, while multi-class classification based on color variations (e.g., light, medium,
green, dark) which is crucial for commercial grading, has not received consistent attention[10], [11].

With the need to implement these solutions in industrial or device-constrained environments (e.g.,
real-time sorting systems, embedded cameras in small factories), there is a growing demand for
lightweight yet accurate models[12], [13]. Lightweight approaches using compressed architectures,
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efficient architectures (e.g., smaller versions of EfficientNet), or techniques like depthwise separable
convolution and knowledge distillation have successfully balanced the accuracy and computational
efficiency trade-offs in coffee bean inspection tasks[14], [15]. Previous studies have reported
lightweight architectures that achieve competitive results while being easier to deploy on resource-
constrained devices[16], [17].

EfficientNet is a family of CNN architectures that simultaneously scales the network (depth,
width, resolution) to achieve a good accuracy/computation ratio; several studies on coffee and roasting
datasets have reported high performance of EfficientNet variants, making this architecture promising
for coffee bean color recognition tasks in multi-class scenarios[18], [19], [20]. However, the literature
specifically evaluating the lightweight EfficientNet for classification of four color classes (light,
medium, green, dark) with attention to color preprocessing, augmentation for varying lighting, and
efficiency metrics (latency, model size, FLOPs) is still relatively limited[12], [21], [22].

Alternative quantization methods that can improve real-time accuracy on the EfficientNetB0
model include Quantization-Aware Training (QAT), which simulates the effects of quantization during
training with fake quantization nodes, allowing the model to adapt to low precision, such as INT8 or 4-
bit, without significant loss in fast inference for coffee bean classification[23], [24], [25]. This approach
is superior to Post-Training Quantization (PTQ) because it maintains accuracy up to 68.39% on ResNet-
18, which is similar to EfficientNet on ImageNet using only 10% of the training data, and can be applied
to EfficientNetB0 for low-latency edge devices[22], [26].

The main objective of this research is to optimize a real-time color-based coffee classification
model using the Lightweight EfficientNet model and quantization techniques to reduce model size and
accelerate the inference process without significantly sacrificing accuracy. This will provide an efficient
and practical automated solution for the coffee bean classification process, which can improve quality
and productivity in the coffee industry.

2. METHOD

The research method in Figure 1 shows the stages starting from collecting the dataset, exploring
the dataset, configuring the training model using augmentation and normalization data, base model
EfficientNetBO, transfer learning vs fine-tuning EfficientNetB0, deployment on low-end devices with
quantization, and finally evaluation model consisting of an H5 model as the training model for coffee
bean color detection. and a TFLite model for deployment on mobile devices.
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Figure 1. Research Method

2.1. Dataset

The Coffee Bean Dataset comprises a variety of data regarding coffee beans sourced globally,
illustrated in Figure 2. This dataset encompasses details related to the beans' origin, classification, and
taste characteristics, as well as insights into their cultivation conditions and preparation methods. The
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images are collected and stored in PNG format without manual intervention. For this research, the
dataset consists of 1,600 images of coffee beans, divided into 1,200 for training and 400 for testing and
validation purposes.

@0 0¢ e 0 a
e Daeace ¢ 0@ 6
Figure 2. Sample dataset coffee

2.2. Exploration dataset

Data exploration in this study is a crucial initial step to understand, summarize, and visualize the
main characteristics of the image dataset used, thereby understanding the structure and content of the
dataset that will be utilized in image classification. This research data exploration involves data division
and the allocation of data for training, testing, and validation purposes, with a total of 4 classes: 'Dark’,
'Green', 'Light', and 'Medium'. Thus, ensuring data balance, which is a good thing, to avoid bias in model
training.

2.3. Configuration Training Model

Model training configuration: this study consists of a set of settings and parameters that determine
how the model will be trained. The initial configuration of the model is seed = 42, which aims to ensure
Reproducibility, which is very important for debugging and comparing experimental results. Next, the
image will be resized to 224 x 224 pixels to standardize the size[27], [28], and then use DataGenerator
to automate the calling of training data, test data, and validation. batch size configuration = 16 is the
number of images processed in one forward pass during training or evaluation, where small batches
require less RAM / GPU but training can be slower while large batches require faster but require large
memory.

2.4. Transfer learning and Fine-Tune in EfficientNetB0
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Figure 3. EfficientNet-B0 architecture
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EfficientNet-BO0 is the foundation upon which the entire EfficientNet family is built and is the
smallest and most efficient model within the EfficientNet family[29], [30]. Discovered through Neural
Architectural Search (NAS), EfficientNet-B0 is the baseline model, and its architecture is shown in
Figure 3. The main components of the architecture are the MBConv (Cellular Inverse Bottleneck
Convolution) block and the squeeze and excitation optimization[16], [31].

Figure 4. Shows an illustration of coffee bean quality detection based on dark, light, medium,
green color classes, where the final results of the model detection produce comparative results of class
prediction analysis, confidence difference, speedup on the H5 and TFlite models.

The transfer learning stage in the EfficientNetBO0 baseline model aims to utilize pretrained weights
trained on a large dataset to accelerate and improve training performance on a new target dataset for
coffee bean classification[32], [33]. Load Pretrained Base Model without Top Layer: The
EfficientNetBO model is used as a feature extractor with pretrained weights, typically with the
include top=False parameter to omit the final classification layer specific to the ImageNet dataset. This
model already understands common and complex basic visual features[2], [34], [35]. Freeze Base
Model: The base model weights are initially frozen (not retrained) to maintain their basic features and
prevent them from being corrupted by the potentially smaller target data, accelerating training and
avoiding initial overfitting. Then, a Custom Classifier is added on top of the base model, adding fully
connected layers (e.g., a dense layer with the appropriate number of neurons for the target class) to map
the basic features to class predictions specific to the new dataset.

EfficientNet employs a method known as compound coefficient to enhance models in a
straightforward yet impactful way. Rather than arbitrarily adjusting width, depth, or resolution,
compound scaling consistently modifies each aspect using a specific set of scaling factors. By utilizing
this scaling approach along with AutoML, the creators of EfficientNet produced seven models of
different sizes, which exceeded the top accuracy of many convolutional neural networks while also
being significantly more efficient.
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Figure 4. Illustration of coffee bean quality detection

This research coffee bean prediction is based on color, with EfficientNet as the main model, TTA
(Test-Time Augmentation) to improve accuracy[36], with output: coffee color class (light, medium,
green, dark) + confidence + probability table of all classes based on parameter configuration. This
modeling performs TTA (Test-Time Augmentation), which is a technique to improve prediction
accuracy by creating several augmented versions of the input image and then averaging the predictions.
So there is modeling based on the initial dataset, which becomes the model baseline, and modeling using
the augmented dataset.

2.5. Deploy on low-end devices with quantization

The technical implementation of the Lightweight EfficientNetB0 model with quantization on low-
end devices in this study began with creating a baseline model (base model = EfficientNetB0
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(include top=False, weights="imagenet', input shape = (*img_ size, 3), pooling='avg') using the
EfficientNetBO architecture without a top classification layer. It used pretrained weights from ImageNet
and adjusted the input image size with the parameter img_size =224 x 224. Global average pooling was
applied to convert the convolution feature output into a 1-dimensional vector[22].

Then, set the Trainable Layer (Fine-tuning). If fine tune=True, all layers except the last
unfreeze last are frozen (trainable = False), meaning this layer is not retrained, and the last unfreeze last
layer is allowed to be trained so the model can adapt to the new dataset. If fine tune=False, the entire
base model is frozen; only the top layer will be trained. Next, create an input layer to define the input
layer so that the input size matches the image data. Layers are constructed on top of the base model by
adding BatchNormalization and Dropout (0.5) for regularization and stabilization of the training. These
layers function as classifiers specific to the coffee dataset, improving the ability to map features to
classes. The final Dense layer, with a size of num_classes (e.g., 4 classes), uses an output layer with
softmax activation for multi-class classification to fully model the input and output. Finally, the return
model and base model function returns the complete model and the base model for monitoring or other
operations.[7]
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Figure 5. Illustration of coffee bean classification based on 4 color classes on a low-end device

2.6. Evaluation model

The final results of the model detection produce comparative results of class prediction analysis,
confidence difference, and speedup on the H5 and TFlite models. The model performance evaluation in
this study compares whether the HS model (the native Keras/TensorFlow format) and TFLite (the
converted model for deployment on edge/mobile devices) can produce consistent class predictions on
the same test data, to ensure that the conversion process does not alter the model's predictive
performance/accuracy. The use of confidence values indicates the model's level of confidence in a
particular class prediction. This is to determine quantization in TFLite; however, confidence scores may
shift slightly compared to the H5S model. Comparative analysis is necessary to maintain model integrity
and systematically understand any changes. The confidence value in a classification model prediction is
generally derived from the softmax function on the output layer of the neural network, which generates
the probability of each class. The most common formula for confidence is equation 1.

confidence = max (softmax(z)) (D

where z is the vector of logit scores resulting from the last layer, and the softmax function defines
the probability of each class with equation 2.
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The confidence value for prediction is the probability of the class with the highest value from the
softmax result. Speedup comparisons are conducted to measure the contribution of TFLite model
optimization or compression in the context of inference on edge/mobile devices[28], [37], [38]. TFLite
is generally optimized for faster performance and a smaller RAM footprint. Comparing inference times
between HS5 and TFLite demonstrates the practical advantages of model conversion to TFLite, especially
for real-time applications on limited devices.

3. RESULT

In this section, the results of the research show that the coffee bean image classification model
was developed using EfficientNetBO as the backbone (feature extractor) and several additional layers.
The initial backbone lacks the top classification layer (pure features only), and the output is given batch
normalization and dropout (50%) for regularization. The dense layers are: Dense 512 units +
LeakyReLU + BatchNorm + Dropout 40% and Dense 128 units + LeakyReLU + BatchNorm + Dropout
30%.

3.1. Transfer Learning in Baseline Model EfficientNetB0

The base model training phase with TensorFlow Keras is used to pre-train the model by freezing
(untraining) the base part of the model and only training its top layers. This function compiles the model
using the Adam optimizer and categorical cross-entropy loss with label smoothing, which helps improve
training stability and reduce overfitting[39], [40]. The model is then trained using training and validation
data with epochs 1 to 20, learning rate = 0.00005, smoothing = 0.1, with the training results stored in a
history object for further analysis. This approach is commonly used to adapt a pretrained model before
proceeding to the full training phase to allow the model to gradually adapt to new data. Fine-tuning on
the EfficientNetBO transfer learning model in this study was carried out through the
unfreeze for finetune stage using the last 30 layers that were unfrozen, namely looping from the
beginning to the last 5 parts of the train model was frozen and the loop on the last 30 layers was trained
with a smaller learning rate of 0.00005, aiming for the model to update the weights slowly so as not to
lose the knowledge that has been learned from the pretrained model.

Table 1. Base Model EfficienetNETBO (epoch = 20, learning rate =0.00005, smoothing =0.1)

Epoch Accuracy Training Loss Accuracy Validation Validation Loss
83.63 0.7805 85.00 0.6775
5 87.99 0.6239 96.25 0.4634
10 92.38 0.5534 96.50 0.4624
15 94.86 0.5039 98.00 0.4308
20 94.57 0.5204 98.25 0.4191

The accuracy results of the EfficientNet BO base model are shown in Table 1, where there is an
increase in accuracy and a decrease in loss values on both data sets as the number of epochs increases,
indicating that the model is increasingly able to recognize data patterns well and has improved
performance from epoch 1 to epoch 20. At epoch 20, validation accuracy reached 98.25% and validation
loss decreased to 0.4191, indicating that the model has undergone effective training without any signs
of significant overfitting.

278


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5400

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 1, February 2026, Page. 273-285
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5400

3.2. Fine-tuning Model EfficientNetB0

Fine-tuning results for training showed that the training accuracy initially started at around 88.6%
and gradually increased to over 97% in the final epochs. The loss values generally decreased, indicating
the model was improving at learning the training data. Meanwhile, testing and validation results showed
accuracy starting at around 97.75%, with validation loss values being quite low and relatively stable,
indicating the model's good generalization.

The graph in the image shows two phases: Phase 1, initial training from epochs 0 to 14, and Phase
2, after fine-tuning from epochs 14 to 35. Phase 1 shows that the training accuracy (blue) and validation
accuracy (orange) both show an increasing trend. This means the model is learning well from the data
in the accuracy graph, while the loss graph shows that the training loss (blue) and validation loss (orange)
both show a decreasing trend. This confirms that the model is getting better at making predictions and
its error rate is decreasing. This green line indicates the start of the fine-tuning stage, where the layers
before the green line are frozen and during fine-tuning are thawed to participate in training with the aim
of fine-tuning the model parameters more finely to be more specific to the dataset used.
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Figure 6. Comparison accuracy with train loss and validation loss in fine-tuning EfficientNetB0

After fine-tuning began, the accuracy graph shows that both training (blue) and validation
(orange) accuracy continued to improve, even at a faster rate for a while. Validation accuracy (orange)
peaked at around 0.98-0.99 (98-99%), which is an excellent result. Meanwhile, the loss graph shows a
drastic decrease in both training and validation losses right after fine-tuning began. This indicates that
the fine-tuning strategy is very effective in reducing model error. Validation loss (orange) reaches its
lowest point during this phase, indicating peak model performance. The results of fine tuning
EfficientNETBO0 with epoch = 20, learning rate = 0.00005, smoothing = 0.1, with unfreeze last =30 are
shown in Table 2.

It can be seen that the training accuracy increased from 88.63% in the first epoch to 97.17% in
the 20th epoch, while the loss value decreased from 0.6198 to 0.4626, indicating that the model is getting
better at recognizing training data patterns. Validation accuracy also showed a consistent increase from
97.75% to 99.25% with validation loss decreasing from 0.4534 to 0.4021, indicating that this fine-tuning
result effectively improved the model's performance without significant overfitting. Thus, unlocking
and retraining the last 30 layers helped the model achieve higher accuracy on both the training and
validation sets.

Table 2. Result Fine tuning EfficienetNETBO (epoch = 20, learning rate =0.00005, smoothing
=0.1 using unfreeze last=30)

Epoch Accuracy Loss Accuracy Validation Validation Loss
1 88.63 0.6198 97.75 0.4534
5 92.51 0.5416 98.50 0.4431
10 93.77 0.5053 99.00 0.413
15 93.96 0.4952 99.50 0.4042
20 97.17 0.4626 99.25 0.4021
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3.3. Test-Time Augmentation (TTA) to improve the robustness and accuracy of coffee image
classification models.

The purpose of implementing the Test-Time Augmentation (TTA) concept to improve the
robustness and accuracy of coffee image classification model predictions is to obtain more stable and
noise-resistant predictions by predicting several augmented versions of the input image. The stage
begins with the ImageDataGenerator initialized with various augmentations (rotation, shift, zoom,
brightness adjustment, horizontal flip) where the original prediction results are stored, and then the next
prediction with the augmented version. The reason for using Test-Time Augmentation (TTA) for
deployment in real situations so that predictions become more resistant to interference, as well as for
evaluating models on images of varying quality in the field so that the output results are more stable.
For example, the coffee bean dataset is loaded in Figure 7 then the model produces a "Green" class
prediction with the highest confidence value of 0.802 compared to other classes Dark = 0.109843,
Medium 0.070624 and Light = 0.017206.

sssss
Green  0.802327
Dark  0.109843
Medium 0.070624

Light  0.017206

Figure 7. Visualization results of predictions with confidence values and class

A confidence score of 0.802 indicates that, of all the probabilities calculated by the model after
the softmax function, the value for "Green" is the largest, so the model classifies the image as belonging
to that category. A confidence score above 80%, or 0.802, indicates that the model is quite accurate and
its predictions are reliable for practical applications.

3.4. Deployment on low-end devices with quantization

This stage begins by converting the H5 model to TensorFlow Lite (TFlite) to make the model
lighter and optimized for mobile or embedded devices. Quantization is then performed using a
representative dataset that emulates the input (100 random images) as an optimization reference and sets
the target operation and input-output type to 8-bit integer (int8) types, so that the model becomes smaller
and more efficient without much loss of accuracy.

4. DISCUSSIONS

The model evaluation results show that from a total of 400 test images divided into 4 classes:
Dark, Green, Light, and Medium, both the H5 model and the TFLite version achieved a very high
accuracy of 99.50%. This indicates that both are equally reliable in classifying the four classes without
significant performance differences, as seen from the zero accuracy difference value. Furthermore, the
inference time for the TFLite model is significantly faster than the HS model, with an average speed of
0.0323 seconds per image compared to 0.1999 seconds for HS, resulting in a 6.19-fold speedup in
execution, dan shown in Table 3.
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Table 3. Comparison results of model performance with a single object

EfficientNetBO Accuracy Inference Time Confidence Inference Time
Model H5 99.50% 0.1999 second 0.8091 0.3281
Model TFLite 99.50% 0.0323 second 0.8091 0.0479
Speedup TFLite 6.19x 6.85x

The classification report, which includes accuracy using inference time, confidence using
inference time, and visualization with a bar chart shown in Figure 8, provides a detailed overview of the
model's ability to recognize each class very well, with near-perfect scores across all evaluation
parameters. This performance demonstrates the success of the model optimization process in the
efficient TFLite format, providing a speed advantage without sacrificing accuracy, which is very
beneficial for applications on resource-constrained devices such as smartphones or embedded systems.

H5: Green (0.81) Inference time comparison
TFLite: Green (0.81)
3 1

Time (secand)

0000

Figure 8. Comparison visualization of H5 and TFLite models based on their inference time

Multi-object detection has advantages over single-object detection because it can recognize and
classify multiple objects simultaneously in a single image, as well as accurately determine the location
of each object. While single-object detection is simpler and faster because it focuses on only one object
in the image, multi-object detection offers flexibility and more comprehensive information, although it
requires more computational resources and a more complex inference process. Therefore, multi-object
detection is better suited for applications that require simultaneous detection of multiple objects with
accurate object localization. Because this study used coffee beans as an object, which can contain
multiple coffee beans during image detection, in addition to single-image detection, multi-image
detection was also performed, as described in Table 4 for the model performance analysis. While the
confidence value of alignment in each class is depicted in the graph in Figure 9.

Table 4. Comparative analysis of model performance with multi-image and the highest confidence
value

EfficientNetBO Image Class Confidence Inference Time (s) Speedup

1 Green 0.8091 0.4198 1
2 Green 0.7767 0.2154 1
Model H5

3 Green 0.3493 0.4645 1

4 Light 0.5557 0.3648 1
1 Green 0.8091 0.0672 6.25x
. 2 Green 0.7767 0.0337 6.39x

Model TFLite

3 Green 0.3493 0.067 6.94x
4 Light 0.5557 0.0772 4.73x
Average Speedup TFLite 5.98x
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Table 4 summarizes the results of the comparative analysis of the performance of the
EfficientNetB0O model in two different formats, namely the HS Model and the TFLite Model on 4 test
images (multi-image) with the classes appearing Green and Light from the 4 classes predicted in the
model (Green, Dark, Medium, Light). The TFLite model shows a much faster inference time on all
images compared to the H5 model, for example for image 1, the inference time of the H5 Model is
0.4198 seconds while the TFLite Model is only 0.0672 seconds, resulting in a speedup of approximately
6.25 times. The confidence values between the two models are very similar, indicating that the
conversion process to TFLite does not significantly reduce the model's confidence. The average speedup
of the TFLite Model compared to the H5S Model is 5.98 times, indicating high efficiency in TFLite for
faster inference without losing confidence accuracy.

Thus, this study is able to outperform previous studies as shown, most models with CNN
architecture, even with Efficiency B0, have not been deployed on low-end devices [41]. The model in
this study is able to produce performance with an average speed of H5 model conversion on the TFLite
model increasing 5.98 times with the highest confidence value of 0.8091 or 80.91% superior to previous
studies which only had a model of 75% when tested[42].

5. CONCLUSION

This research demonstrates that a coffee bean image classification model developed using
EfficientNetBO as a backbone with several additional layers is capable of recognizing data patterns very
well. In the initial training phase using transfer learning, the model achieved validation accuracy of up
to 98.25% at the 20th epoch, demonstrating a significant performance improvement without overfitting.

Fine-tuning EfficientNetB0 by unfreezing the last 30 layers achieved 97.17% training accuracy
and 99.25% validation accuracy with consistent loss reduction, supported by Test-Time Augmentation
(TTA) which improves prediction stability to >80% confidence against variations in field image quality.
Deployment to TensorFlow Lite (TFLite) with 8-bit quantization resulted in a lighter model that
maintained 99.50% accuracy and accelerated inference by up to 6x compared to the original H5 model,
and excelled at multi-object detection without sacrificing classification confidence.

Overall, the model development strategy using EfficientNetB0, careful fine-tuning, TTA, and
quantization for deployment successfully optimized accuracy, stability, and inference speed, making it
suitable for applications on constrained devices. Key contributions include optimizing TFLite through
effective quantization, enabling high performance on resource-constrained devices without sacrificing
significant accuracy, thus opening up practical ML deployment opportunities in edge computing. These
results emphasize the importance of post-training quantization for balancing speed and accuracy in real-
time applications, increasing by 5.98 times with the highest confidence value of 0.8091 or 80.91%
superior to previous research that only had a model accuracy of 75%. Future research developments
include comparing CNN architectures and combining them in a multimodal model using fusion for
image and text data integration.
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