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Abstract 

Manual coffee bean sorting is highly prone to subjectivity, inconsistency, and low operational efficiency. This study 
aims to develop an automated classification and sorting system based on the Artificial Intelligence of Things (AIoT). 
The method integrates a Vision Transformer (ViT) model, TensorFlow Lite, Firebase, and an ESP32 microcontroller 
within a Mobile–Cloud–Edge Computing architecture. The ViT model was trained on four coffee roast levels to 
perform real-time inference on Android devices linked to physical sorting actuators. Experimental results showed 
that the ViT model achieved a 96.87% classification accuracy, while the automated physical sorting mechanism 
achieved 95.83% accuracy with an average response time of 462 ms. In conclusion, the integration of Vision 
Transformer and AIoT provides a fast and reliable post-harvest automation solution tailored for smart agricultural 
applications. 
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INTRODUCTION 

Coffee bean quality is a key factor in determining the economic value and competitiveness of coffee 
products. In the post-harvest stage, sorting based on roasting level plays a crucial role in maintaining product quality 
uniformity. However, this process is still largely performed manually through visual observation, making the results 
highly dependent on operator experience. This situation has the potential to cause inconsistencies, increase sorting 
errors, and reduce efficiency as production volumes increase. Therefore, an automated classification system is needed 
that can produce a faster, more objective, and consistent sorting process through the use of computer vision and deep 
learning technologies. Various studies have applied Convolutional Neural Networks (CNN), ResNet, and YOLO to 
classify coffee bean quality and roasting levels with a fairly good level of accuracy. However, convolution-based 
models still focus on local feature extraction, making them less than optimal in distinguishing classes with very 
similar visual characteristics, such as Light Roast and Medium Roast. In contrast, the Vision Transformer (ViT) 
utilizes a self-attention mechanism to build a global image representation, thereby capturing relationships between 
image parts more comprehensively. These advantages make the Vision Transformer potentially improve 
classification accuracy for objects with relatively small visual differences. On the other hand, the implementation of 
Artificial Intelligence of Things (AIoT) in the agricultural sector is generally still oriented towards monitoring and 
data collection functions, while the integration between artificial intelligence-based classification, cloud 
communication, and physical device control in one automated system is still relatively limited. 

Based on these conditions, several research gaps remain. First, the application of Vision Transformer to 
coffee bean roasting classification has not been widely explored compared to CNN-based approaches. Second, most 
AIoT research has not integrated mobile AI-based inference, cloud data synchronization, and edge device actuation 
in a unified Mobile–Cloud–Edge Computing architecture. Third, previous research has generally focused on 
improving model accuracy, while comprehensive evaluation of system implementation, including computational 
efficiency, response time, and automatic sorting performance, is rarely reported. This condition indicates the need to 
develop a system that not only has high classification performance but is also capable of real-time implementation 
in an operational environment. Based on these research gaps, this study develops an Artificial Intelligence of Things 
(AIoT)-based coffee bean classification and sorting system using Vision Transformer in a Mobile–Cloud–Edge 
Computing architecture. The system integrates TensorFlow Lite on Android devices for real-time inference, Firebase 
Realtime Database as a data synchronization medium, and ESP32 as a controller for the automatic sorting 
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mechanism. The main contributions of this research include the implementation of an end-to-end AIoT system that 
connects image acquisition, classification, data communication, and device actuation in a single integrated workflow, 
as well as a comprehensive evaluation of classification accuracy, computational efficiency, response time, and 
automatic sorting performance. Thus, this research not only offers improved classification model performance but 
also contributes to the implementation of a more integrated AIoT system to support the development of smart 
agriculture technology. 
 
METHOD 

This study uses a Research and Development (R&D) approach to develop a coffee bean classification and 
sorting system based on Artificial Intelligence of Things (AIoT). The research stages include dataset preparation, 
Vision Transformer (ViT) model development, optimization using TensorFlow Lite, integration in Mobile–Cloud–
Edge Computing architecture, and system performance evaluation. The dataset consists of 6,000 images representing 
four roasting levels (Green Bean, Light Roast, Medium Roast, and Dark Roast). All images were processed through 
resizing to 224 × 224 pixels, normalization, and data augmentation, then divided into training data (70%), validation 
(15%), and testing (15%). The model training configuration is presented in Table 1. 

Table 1. Research Configuration 
Parameter Mark 

Dataset 6,000 images 
Class Green, Light, Medium, Dark Roast 
Image Size 224 × 224 pixels 
Data Sharing 70 % : 15% : 15% 
Model Vision Transformer (ViT-Base) 
Optimizer Adam 
Learning Rate 0.0001 
Batch Size 32 
Epoch 100 
Platform Android + TensorFlow Lite 
Cloud Firebase Realtime Database 
Edge ESP32 + Servo + Load Cell 

 
All training configurations were selected based on preliminary experimental results to achieve a balance between 
classification accuracy and computational efficiency in the TensorFlow Lite implementation. The Vision Transformer 
model was chosen because it is capable of constructing a global image representation through self-attention, making 
it more effective at distinguishing roast levels with similar visual characteristics compared to CNN-based 
approaches. 

 
Figure 1: Research Framework 

Figure 1 shows the research stages, starting with problem identification, dataset compilation, model development, 
optimization, AIoT system implementation, and performance evaluation. This flow ensures that each stage is carried 
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out systematically, ensuring that the resulting model not only has good classification performance but is also ready 
for implementation in an operational environment. 

 
Figure 2: Mobile – Cloud – Edge Computing System Architecture 

 
Figure 2 shows the integration of the mobile layer, cloud layer, and edge layer in the Mobile–Cloud–Edge 

Computing architecture. The Android device serves as the mobile layer for image acquisition and inference using 
TensorFlow Lite. The classification results are then sent to the Firebase Realtime Database as the cloud layer for 
real-time data synchronization, while the ESP32 as the edge layer receives the inference results and controls the load 
cell and servo motor in the automatic sorting process. This division of functions allows the computation process, 
data communication, and device actuation to take place efficiently with low latency. 

The evaluation was conducted on two aspects: classification model performance and AIoT system 
implementation. Model performance was measured using Accuracy, Precision, Recall, and F1-Score to evaluate 
classification capabilities for each roasting category. Meanwhile, system implementation was evaluated based on 
model size, inference time, data synchronization, ESP32 response, end-to-end processing time, sorting accuracy, and 
robustness under various lighting conditions and object positions. This evaluation approach provides a 
comprehensive overview of the system's capabilities, both in terms of artificial intelligence and AIoT implementation 
in the automated sorting process. 
 
RESULTS AND DISCUSSION 

This research successfully implemented a coffee bean classification and sorting system based on Artificial 
Intelligence of Things (AIoT) through the integration of Vision Transformer, TensorFlow Lite, Firebase Realtime 
Database, and ESP32 in a Mobile–Cloud–Edge Computing architecture. The system performs inference directly on 
an Android device, sends the classification results to Firebase, and then controls the sorting mechanism via ESP32 
in real-time. This integration forms an end-to-end automation process that connects image acquisition, classification, 
data communication, and device actuation so that all stages can take place automatically without operator 
intervention. 

Table 2: Comparison of Model Performance 
Model Accuracy Precision Recall F1-Score 

CNN 93.24 92.76 92.14 92.45 
Vision Transformer 96.87 96.31 96.05 96.18 

Based on Table 2, the Vision Transformer improves accuracy by 3.63% compared to CNN and achieves the 
best scores across all evaluation metrics. This improvement indicates that the self-attention mechanism is capable of 
constructing a global image representation, thus more effectively distinguishing roast levels with similar color and 
texture characteristics. This capability reduces classification errors in classes with subtle visual differences, 
particularly Light Roast and Medium Roast. These results align with research by Hassan (2024) and Takahashi et al. 
(2024) which demonstrate that the Vision Transformer has superior feature representation capabilities compared to 
convolution-based models in complex image classification tasks. 

Optimization using TensorFlow Lite resulted in a more efficient model for mobile devices. The model size 
was reduced from 86 MB to 21 MB, while the inference time decreased from 420 ms to 118 ms, with a decrease in 
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accuracy of only 0.55%. These results demonstrate that the optimization can maintain classification performance 
while increasing computational efficiency. This allows the inference process to run directly on Android devices, 
reducing reliance on cloud computing, reducing communication latency, and improving system responsiveness in 
mobile edge AI implementations. 

Table 3. Summary of AIoT Implementation Performance 
Parameter Mark 
TensorFlow Lite Model Size 21 MB 
Inference Time 118 ms 
Firebase Sync 82 ms 
ESP32 Response 41 ms 
Servo Actuation 126 ms 
End-to-End Time 462 ms 
Sorting Accuracy 95.83% 
Throughput 320 seeds/hour 

Table 3 shows that the integration of TensorFlow Lite, Firebase Realtime Database, and ESP32 produces an 
AIoT system with low response time and stable sorting performance. The AIoT implementation shows that the 
system successfully sorted 1,150 out of 1,200 coffee beans with 95.83% accuracy, a 98.67% servo actuation success 
rate, a throughput of 320 beans per hour, and an average end-to-end response time of 462 ms. This success is 
influenced not only by the accuracy of the classification model, but also by data synchronization via Firebase and 
the ESP32's actuation response, which is able to maintain real-time coordination between devices. The division of 
functions between the mobile layer, cloud layer, and edge layer also makes the computation and communication 
processes more efficient, so the system remains responsive when implemented in an operational environment. 
Despite providing good results, this study still has several limitations. The dataset used only covers four roasting 
level categories, and testing was conducted on a single Android device configuration and ESP32. Furthermore, the 
testing was conducted in a laboratory environment, making it less representative of industrial conditions. Therefore, 
further research needs to evaluate the system on different coffee varieties, more diverse lighting conditions, and 
devices with different specifications to test the system's generalizability and scalability. 

Overall, this research successfully addresses the research gap through the application of Vision Transformer 
to roasting level classification and the implementation of an end-to-end AIoT system that integrates mobile device 
inference, cloud synchronization, and edge device control in a single Mobile–Cloud–Edge Computing architecture. 
The research contribution is demonstrated not only by the improvement in classification performance, but also by 
the successful integration of artificial intelligence with data communication and real-time automatic sorting 
mechanisms. These results indicate that the proposed approach has the potential to be applied to coffee post-harvest 
automation and can serve as a reference for the development of intelligent classification systems in various smart 
agriculture applications. 
 
CONCLUSION 

This research successfully developed a coffee bean classification and sorting system based on Artificial 
Intelligence of Things (AIoT) using Vision Transformer in Mobile–Cloud–Edge Computing architecture. The 
integration of TensorFlow Lite, Firebase Realtime Database, and ESP32 enables the classification process, data 
exchange, and sorting to take place automatically and in real-time. The results show that the proposed approach not 
only improves classification performance compared to CNN-based models but also results in efficient 
implementation on mobile devices. These findings prove that the combination of Vision Transformer and mobile 
edge AI is capable of supporting an accurate and responsive classification system for post-harvest automation needs. 

The main contribution of this research lies in the development of an end-to-end AIoT system that integrates 
inference on mobile devices, cloud communication, and edge device control in a single unified platform. This 
approach demonstrates that the Mobile–Cloud–Edge Computing architecture not only improves processing 
efficiency and system response speed, but also provides a reliable integration mechanism between artificial 
intelligence and physical devices. Thus, this research provides a scientific contribution in the form of the 
implementation of an intelligent classification system that can be used as a reference for the development of AIoT 
applications in the agricultural product sorting process and other automation systems that require real-time decision 
making. 
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Despite yielding satisfactory results, this study still has limitations in the use of four roasting level categories, 
one hardware configuration, and testing conducted in a laboratory environment. Therefore, further research can be 
directed at developing a lighter Vision Transformer model, testing on various coffee varieties and industrial operating 
conditions, and integrating multimodal sensors to improve the system's robustness, scalability, and readiness for 
production-scale implementation. 
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