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Abstract 

The use of storage systems for managing personal and work related items continues to increase in many environments. 

However, inventory management in small-scale storage, such as drawers, is still commonly performed manually. 

This approach often causes problems, including recording errors, inconsistent inventory data, and limited ability to 

detect missing or unauthorized items. For this reason, this study develops a smart drawer system that combines 

Internet of Things (IoT) technology with the YOLOv8 deep learning model to support automatic inventory 

management and basic item security. In the proposed system, a camera is installed inside the drawer to capture images 

of the stored objects. These images are processed directly on the device using the YOLOv8 object detection model 

to identify and count items. The detection results are then sent to an IoT platform so that inventory data and drawer 

activity can be monitored through a server. During operation, the system also records drawer access events, which 

allows irregular situations, such as missing items or unauthorized removal, to be observed. Experimental testing 

shows that the YOLOv8 based detection model is capable of recognizing stored objects with acceptable accuracy 

under typical drawer lighting conditions. The integration with the IoT platform enables inventory updates to be 

performed with low delay, making the system suitable for real-time monitoring. Compared with manual inventory 

methods, the proposed smart drawer helps reduce data inconsistencies and improves the visibility of stored items. 

This research indicates that the integration of computer vision and IoT can be applied effectively to small-scale 

storage systems using edge-based devices. The developed smart drawer can be implemented in offices, laboratories, 

and similar environments, and it may provide useful insights for future studies related to intelligent inventory and 

storage automation. 
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1. INTRODUCTION 

The storage of objects is an important part of daily life, especially for keeping valuable items such 

as jewelry, money, documents, and other precious belongings. Storing an item naturally requires a 

designated space, which serves the purpose of controlling the quantity of items to be kept in the storage 

area. Common storage places used by the public include cabinets, drawers, safes, and others. Storage 

systems are generally categorized into two types: large-scale and small-scale storage. Large-scale 

storage includes warehouses and office inventory rooms, while small-scale storage refers to cabinets 

and drawers. Manual storage of items comes with many drawbacks, such as the risk of lost items, lack 

of inventory control, and the inability to monitor the number of items stored. In today's era of 

globalization and advanced technology, many technological applications have been implemented in 

storage systems, such as drawers equipped with IoT (Internet of Things) technology. This allows for 

control over each item stored inside and enables object detection within the drawer. The purpose is to 

manage and monitor items being stored, as well as track the items entering and leaving the drawer. ‘ 
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As seen in previous studies discussing the development of object detection systems using IoT and 

deep learning technologies for smart monitoring applications, this research explores the integration of 

IoT sensors with CNN networks to detect objects (Imran Ahmed, Misbah Ahmad, 2022). Another study 

conducted by Radjeep and Rajnish (2018) developed an IoT-based camera to automatically detect 

objects such as humans, pets, and vehicles in residential areas. Object detection and recognition using 

IoT and machine learning technologies have also been applied to smart city development. For instance, 

a study by Shen and Zhang (2022) introduced a system that uses IoT sensors and machine learning 

algorithms to detect vehicles, pedestrians, and other objects within the smart city context.’ 

Although smart storage systems are being used more widely, many current solutions still depend 

on non-visual sensing technologies, including weight sensors, RFID, and barcode-based identification. 

In practical use, these methods provide only limited information about the actual objects stored inside 

the system. As a consequence, it becomes difficult to determine object types, detect item replacement, 

or identify unauthorized removal, particularly when objects are moved or partially taken from the 

storage space. In addition, the lack of visual verification often results in inventory inconsistencies and 

weaker security monitoring. This problem is more evident in small-scale storage environments such as 

drawers and cabinets, where objects are closely arranged and lighting conditions are not always ideal. 

For these reasons, many existing smart storage solutions are still not sufficient to support accurate and 

real-time inventory tracking.To overcome these limitations, this study adopts a vision-based object 

detection approach using the YOLOv8 architecture. YOLOv8 is selected because it is capable of real-

time detection while maintaining reliable accuracy for small objects. The model is also relatively 

lightweight, which allows it to be deployed on embedded devices such as Raspberry Pi. By performing 

object localization and classification in a single processing step, YOLOv8 helps reduce system latency 

and supports more efficient operation. This makes the model suitable for inventory monitoring in 

confined storage spaces. 

However, a common issue in object detection relates to the placement and types of items stored 

within drawers. It is still difficult to ensure that the stored items are well-monitored and categorized 

properly, which often results in users not knowing exactly what items are inside the drawer. Previous 

studies also had several limitations. For example, an object detection study using YOLOv4 for 

Indonesian traffic signs by Rezki Wulandari (2021) was limited by the dataset used, resulting in low 

accuracy and an ineffective model. Another study by Mohammad Heri Saputra, Danang Erwanto, and 

Royb Fatkhur (2021) used MobileNet SSD deep learning to count the number of visitors at tourist sites, 

but it suffered from limitations in resources such as memory and processing speed, making it difficult 

for SSD to detect very small objects. Therefore, this research focuses on object detection in a smart 

drawer using IoT (Internet of Things) technology combined with deep learning through the YOLOv8 

algorithm. This algorithm is expected to deliver optimal accuracy in object detection to improve 

effectiveness and real-world application. The research will utilize IoT equipment to support object 

detection using a Raspberry Pi camera board and Raspberry Pi module as tools to read objects inside 

the drawer. Additionally, this smart drawer can automatically open using a touch sensor, enhancing 

automation and user convenience. This research makes the following contributions: 

1. An integration approach that combines YOLOv8-based visual object detection with an IoT-

enabled smart drawer to support real-time inventory monitoring. 

2. An edge-based implementation on a Raspberry Pi that allows object detection and inventory 

processing to be performed locally with low latency in small-scale storage environments. 

3. An experimental evaluation of the system under different object placements, object sizes, and 

lighting conditions inside the drawer. 
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2. METHOD 

This research is divided into two parts: Deep Learning and IoT (Internet of Things). The study 

will combine a deep learning model using YOLOv8 to achieve effective accuracy in object detection, 

along with IoT devices to detect objects. This is an example of the use of sub-chapters in a paper. Sub-

chapters are allowed to be included in all chapters, except in the conclusion. 

 

Table 1. YOLOv8 medium configuration 

Parameter Value 

Model Architecture YOLOv8 medium (YOLOv8m) 

Training Type Transfer Learning (Fine Tuning) 

Pretrained Weights Yolov8m.pt 

Input Image Size 640 x 640 

Number of Epochs 130 

Batch Size 16 

Optimizer Shochastic Gradient Descent 

Learning Rate 0.01 

Confidence Threshold 0.25 

IoU Threshold 0.5 

Dataset Split Train: 2.275 / Val: 614 / Test : 32 

Annotation Format YOLO Bounding Box Format 

Training Platform Google Collab 

Deployment Device Raspberry Pi 

 

The dataset used in this research consists of stationery objects commonly stored inside drawers. 

The images were collected from Roboflow and image.csv sources and supplemented with images 

captured using a Raspberry Pi camera. The dataset includes four object classes: pen, notebook, card, and 

document. The following is the flowchart for the smart drawer implementation. 

 

 
Figure 1. Flowchart of Smart Drawer 

 

The flowchart describes the operational process of the smart drawer system integrated with IoT 

technology and the YOLOv8 object detection model. The process begins with system initialization, 

where the Raspberry Pi initializes all system components. Next, the camera module is initialized to 

prepare for image acquisition. After initialization, the system performs image preprocessing using a 

letterbox format to adjust the input image size according to the YOLOv8 model requirements. The 

camera then captures images of the objects inside the drawer. These images are processed by the 
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YOLOv8 object detection model to identify and classify the objects stored in the drawer. Once object 

detection is completed, the system calculates the number and types of detected objects. The detection 

results are sent to the user through a Telegram bot for real-time monitoring. The system then waits for 

user commands via Telegram to determine whether an open or close command for the drawer is 

received. If a command to open or close the drawer is detected, the system sets the corresponding GPIO 

configuration on the Raspberry Pi. The servo motor is then activated to perform the requested action, 

either opening or closing the drawer. If no command is received, the system continues monitoring and 

transmitting object detection results. The process ends after the requested operation is completed. 

The experimental pipeline of this study begins with image acquisition using a Pi Camera installed 

inside the drawer. The captured images are then processed on a Raspberry Pi using the YOLOv8 model 

to perform object detection and classification. Based on the detection results, inventory data are updated 

automatically. The system is further evaluated in real-time by considering different object placements 

and lighting conditions during operation. 

2.1. Deep Learning Research Stages 

The Deep Learning research stage will cover the steps involved in using the YOLOv8 model, 

starting from data preparation to the presentation of the modeling results. 

2.1.1. Data Collection and Preparation 

In the data collection and preparation stage, a dataset consisting of several files is used: 32 test 

items, 2,275 training items, and 614 validation items. The dataset sources are obtained from data search 

platforms such as Roboflow and image.csv. Below is an example of the stationery dataset used. 

2.1.2. Install Library YOLOv8 

At this stage, the installation of the YOLOv8 library will be carried out, as well as downloading 

the YOLOv8 library. In this research, I used the YOLOv8 medium model because it offers significantly 

better accuracy compared to the Nano variant. YOLOv8 medium is considered real-time and still has a 

reasonable training time, not as long as YOLOv8 large or Xlarge. 

2.1.3. Pretrained Model 

At this stage, the pretrained model phase will be carried out using the YOLOv8m model. The 

reasons for using a pretrained model include: 

1. Saving time and resources 

2. More accurate and faster convergence 

3. Using the pre-trained model yolov8m.pt and performing fine-tuning with the data.yaml dataset 

4. Using 130 epochs, which already yields good results 

5. More stable and well-tested 

2.1.4. Pretrained Model and Result 

In the model prediction phase, the previously trained model is tested using the test set to evaluate 

the effectiveness of object detection. This phase also serves as the final step to observe the performance 

of the selected deep learning architecture. YOLOv8 will display the results, showing how accurately the 

model can make predictions. It will also highlight prediction errors by comparing the expected 

predictions with the actual model output. The model is then integrated into the actual use environment—

inside the drawer using a Raspberry Pi and a camera. Additionally, the smart drawer system is deployed 

to evaluate the model’s performance in real-time, real-life scenarios, and to observe trial and error in the 

system to help optimize it for future improvements. 
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2.2. IoT (Interner of Things) Research Phase 

In this IoT research phase, it will explain how the hardware circuit works from start to finish in 

detecting objects inside the drawer. 

a. Initial Setup 

In the initial setup stage, the necessary hardware and software components for implementing IoT 

in the smart drawer must be prepared. The required software includes the Raspberry Pi OS (Operating 

System), tools, and libraries for object detection. 

2.2.2. IoT Component Assembly 

At this stage, the installation and assembly of IoT (Internet of Things) components will be carried 

out and implemented into the smart drawer. This setup is designed to create a smart drawer capable of 

detecting objects inside using a Raspberry Pi camera. The accuracy of each object is determined from 

the pretrained and predicted object models previously implemented in the deep learning stage using 

YOLOv8. 

 
Figure 2. IoT Component 

 

I will explain the circuit and installation of IoT components for each device assembled in the 

smart drawer system. The following is the circuit diagram of the smart drawer that will be implemented, 

as shown in the image below. 

 
Figure 3. Diagram of IoT Component 

2.2.3. Smart Drawer Diagram Explanation: 

1. Pi Camera to Raspberry Pi 

In the diagram, a flat ribbon cable from the Pi Camera is connected to the CSI (Camera Serial 

Interface) port on the Raspberry Pi, which functions to capture images as input for the YOLOv8 

model. 

2. PIR Sensor to Breadboard 

The PIR sensor has three pins (VCC, OUT, GND) connected to: 
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• VCC → 5V on the Raspberry Pi 

• OUT → GPIO pin 

• GND → Ground on the Raspberry Pi 

Function: Detects motion around the drawer. 

3. Servo Motor to Raspberry Pi 

The servo motor has three wires: 

• Red (VCC) → 5V on the Raspberry Pi 

• Brown (GND) → Ground on the Raspberry Pi 

• Yellow/Orange (Signal) → GPIO pin 

Function: Opens or closes the drawer based on commands from the Raspberry Pi. 

2.2.4. Software Installation 

This stage involves installing the necessary software required to develop the smart drawer, 

including: 

• Installing the Raspberry Pi OS 

• Installing libraries needed for camera operations and image/video processing such as OpenCV 

• Installing tools and libraries for the object detection model 

2.2.5. Call the main.py Function 

In this stage, the function from the pretrained YOLOv8 medium model and its prediction results 

is called. The accuracy for each object that has been predicted in the deep learning implementation stage 

will be synchronized with the IoT implementation, where each object inside the drawer has its own 

accuracy based on the implementation done in Google Colab. This stage explains how the script or 

program code works by utilizing the trained object detection model. The script or source code takes 

input from the camera and applies the YOLOv8 object detection algorithm to identify and classify 

objects in the image, resulting in effective accuracy. The object detection output can be displayed 

directly on the monitor and stored in a log file, which will be processed in real time. 

2.2.6. Testing and Evaluation 

This is the final stage of the IoT research process, where testing is conducted on the developed 

system through a series of experiments to ensure the system functions properly. Testing may include 

functional testing, trial-and-error testing, and model validation using data. System monitoring is also 

essential in this phase, as it is useful for observing any changes that occur within the system. 

3. RESULT 

3.1. Deep Learning Yolov8 

3.1.1. Deep Learning Preparation Stage 

In this stage, I will explain the deep learning process for object detection in the smart drawer. I 

will describe the necessary preparations to achieve good accuracy for each object dataset that will be 

implemented in the smart drawer. For this preparation stage, I use the YOLOv8m (medium) model as 

the deep learning model that will be integrated and connected to the IoT components so that accuracy 

can be properly read during implementation. The reason for using YOLOv8m (medium) in this smart 

drawer implementation is that the objects inside the drawer are often small in size and have low lighting 

conditions. Therefore, a model that is sufficiently complex is needed to recognize objects precisely, but 

still lightweight enough to run efficiently. 
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3.1.2. Dataset Collection and Preparation 

In the dataset collection and preparation stage, I will explain the dataset sources and the amount 

of data used for the smart drawer implementation. The dataset consists of stationery items that are 

commonly found inside a drawer. The dataset includes test data, training data, and validation data. The 

test data consists of 32 items, the training data consists of 2,275 items, and the validation data consists 

of 614 items, as shown in the example image below. The dataset sources are obtained from Roboflow 

and images.csv. 

 

 
Figure 4. Dataset Stationery 

3.1.3. Model Design 

In this model design stage, I used two models: YOLOv8 Medium and YOLOv8 Nano. Both 

models were pretrained to produce accurate results and to allow for a comparison between the two 

models. In this chapter, I will explain the training process of YOLOv8, specifically the pre-training stage 

of the YOLOv8m (medium) model. In this training stage, the first step is to configure the main 

component for the training process, which is the data.yml file. 

3.1.4. Result  

Below is the table showing the output results of the YOLOv8 Medium pre-training stage, as 

presented in the table below. 

 

Table 2.Table of result from YOLOv8 Medium 

Metric Value Description 

Box (P) 0.842 Very good precision 

Recall 0.682 Improved compared to the Nano model 

mAP50 0.749 Good, higher than Nano (o.74) 

mAP50-95 0.661 Higher than Nano (0.64) 

 

After performing model prediction, the object detection results from YOLOv8 Medium can be 

viewed using the OpenCV library. The detection result images will be saved if the save parameter is set 

to true, as shown in the example below. 

 

 
Figure 5. Result Accuration 
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3.2. Result Of Internet Of Things Smart Drawer 

This chapter will explain the circuit and installation of IoT components for each device used in 

the smart drawer system.  

3.2.1. Calling the Main.py Function via Telegram 

In this stage, I will explain the process of calling the model.pt function within the main.py file, 

which contains the configuration and the entire system workflow. A more detailed explanation of each 

function's purpose is provided within the main.py file. The predicted model accuracy results will also 

be accessed in this file. The main.py file is responsible for camera control and the open/close mechanism 

of the drawer in the smart drawer system. Configuration for all components and the Telegram bot is 

managed in the config.py file, as shown in the image below. 

3.2.2. Test and Evaluation 

In this chapter, I will explain the testing and evaluation process conducted through Telegram. The 

testing will involve using commands in Telegram to observe the output displayed in response to the 

given instructions. 

1) start , Starting the camera and the stationery detection process. 

 

 
Figure 6. Start command 

 

2) help,  Displaying the list of available commands along with their descripstions 

 

 
Figure 7. List command 

 

3) stationery, The system will stop the detection process and display the detection results of the 

stationery items, including the names and the quantities of detected items. 

 

 
Figure 8. Count object 

 

4) open, when the command is sent, the servo motor will automatically move to open the drawer. 

 

 
Figure 9. Open the drawer 
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5) close, when the commend is sent, the servo motor will automatically return to its original position 

to close the drawer. 

 

 
Figure 10. Close the drawer 

4. DISCUSSION 

The experimental results indicate that the proposed smart drawer system successfully integrates 

YOLOv8-based object detection with IoT technology to achieve automatic inventory management and 

item monitoring in a confined storage environment. The comparison between YOLOv8 Nano and 

YOLOv8 Medium demonstrates that the Medium variant consistently provides superior performance in 

terms of precision, recall, and mAP metrics. This improvement is particularly important in the smart 

drawer context, where stored objects are generally small, closely placed, and may be partially occluded. 

The deeper architecture of YOLOv8 Medium enables more robust feature extraction, allowing the model 

to better distinguish between visually similar objects under limited lighting conditions commonly found 

inside drawers. 

The deployment of the YOLOv8 model on a Raspberry Pi further confirms the feasibility of edge-

based object detection for real-time smart storage applications. Despite the limited computational 

resources of the Raspberry Pi, the system is capable of performing image acquisition, object detection, 

inventory counting, and data transmission to the user via a Telegram bot with acceptable responsiveness. 

This edge-computing approach eliminates the need for cloud-based processing, thereby reducing latency 

and minimizing dependency on network connectivity. In addition, local processing enhances data 

privacy, as image data does not need to be transmitted to external servers. 

When compared to previous studies that employed YOLOv4 or MobileNet SSD for object 

detection, the proposed system demonstrates better suitability for small-scale storage environments. 

Earlier approaches were often limited by dataset constraints, lower detection accuracy for small objects, 

or high computational demands that restricted deployment on embedded devices. In contrast, the use of 

YOLOv8 Medium achieves a balance between detection accuracy and computational efficiency, making 

it more adaptable for real-world implementation in smart drawers and similar storage systems. 

Furthermore, the vision-based approach used in this study offers advantages over non-visual sensing 

methods, such as weight sensors or RFID, by enabling direct identification and counting of object types 

even when items are repositioned or partially hidden. 

Nevertheless, several limitations remain in the current implementation. Detection performance 

may decrease under extremely low lighting conditions or when multiple objects overlap significantly 

within the drawer. The system performance is also constrained by the processing capability of the 

Raspberry Pi, which may limit inference speed when more complex models or larger datasets are used. 

Additionally, the dataset employed in this research focuses on a limited number of stationery object 

classes, which may affect the generalizability of the system to other types of stored items. Future 

research may address these limitations by expanding the dataset, optimizing the model through pruning 

or quantization, and exploring alternative lightweight model variants such as YOLOv8s or hardware 

acceleration techniques. Enhancements in security features, including access authentication and 

anomaly detection for missing items, may also be integrated to further strengthen the smart drawer 

system. 
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5. CONCLUSION 

The developed smart drawer system successfully detects and counts both the quantity and types 

of objects inside the drawer automatically using a pre-trained deep learning model, YOLOv8. The 

integration of Raspberry Pi 5, Pi camera, servo motor, and PIR sensor enables the system to respond to 

motion and to open or close the drawer based on user commands. Object detection results are transmitted 

to Telegram via a bot in real time, providing an efficient and practical monitoring experience. Among 

the tested models, YOLOv8 Medium delivers more accurate and stable detection results compared to 

the lighter variant, YOLOv8 Nano, especially when detecting small and diverse objects. Overall, the 

system automates the monitoring of drawer contents and remote control functions, offering significant 

advantages in workspace efficiency and item management.  

 Optimization of detection time and speed can be achieved through image preprocessing or by 

replacing the model with a lighter variant if needed, such as YOLOv8s or a TensorRT-optimized model. 

Additionally, the system can be enhanced by adding automatic notification features, including alarms 

for situations where specific important items go missing or when no motion is detected within a certain 

period. To support real-world usage, the prototype should be further developed into a more refined 

version, as the current design is still quite basic and does not yet allow for optimal drawer opening and 

closing. From a security standpoint, it is also important to implement authentication on the Telegram 

bot to ensure that only authorized users can issue commands to open or close the drawer. 

From an academic point of view, this study offers a vision based approach to smart storage that 

helps overcome several limitations found in non visual and sensor-based inventory systems. The 

integration of the YOLOv8 object detection model with an IoT-enabled smart drawer shows that 

accurate and real-time inventory monitoring can be implemented in small-scale storage environments 

using edge devices. This approach addresses common challenges related to detecting small and closely 

placed objects, especially under limited lighting conditions, while remaining feasible for deployment on 

hardware with constrained resources. The results of this study may support further research on intelligent 

storage systems that combine deep learning and edge-based IoT, including future improvements in 

model efficiency, security features, and object coverage. 
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