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Abstract — Industrial automation systems require automatic,
real-time object counting on conveyors. Conventional sensors
have limitations in handling variations in object shapes and
conditions. A deep learning-based computer vision approach
can be a solution, but its implementation on embedded devices
such as the Raspberry Pi 5 faces computational limitations that
result in slow inference speeds. This research implements the
YOLOV8s model, accelerated using the Neural Processing Unit
(NPU)-based Hailo-8L on the Raspberry Pi 5, for real-time
object counting. A dataset of 1,343 bottle cap images was
annotated using Roboflow and divided into 70% for training,
20% for validation, and 10% for testing, with a resolution of
640 x 640 pixels. The model was trained using Google Colab,
exported to ONNX format, and compiled into Hailo Executable
Format (.hef) using the Hailo Dataflow Compiler. Testing was
conducted at conveyor speeds of 1.6-10.0 m/min with and
without the Hailo-8L. Test results showed an increase in FPS
from an average of 2.2 FPS to 28.9 FPS—approximately a 13.1-
fold increase. In controlled counting tests, the system with
Hailo-8L achieved up to 100% accuracy, while the system
without Hailo-8L experienced a decline in counting accuracy at
higher conveyor speeds. Validation in an industrial
environment demonstrated a counting success rate of 97%.
These results indicate that the Hailo-8L’s acceleration
capability can reduce the YOLOVS8s inference computational
bottleneck and improve the real-time performance of the
counting system.

Keywords — YOLOV8s, Object Counting, Raspberry Pi 5,
Hailo-8L, Conveyor

I. INTRODUCTION

Industrial automation systems continue to evolve in
response to increasing demands for efficiency, quality, and
speed in production processes [1]. The adoption of
digitalization and automation supports improvements in
efficiency and competitiveness within the manufacturing
industry and drives the implementation of smart
manufacturing, which integrates computing systems, sensors,
and communication technologies to support production
processes in real time [2] , [3].

On conveyor-based production lines, the ability to
detect and count objects in real time is critical because
objects can move at high speeds [4], requiring sufficient
computational power to ensure an efficient detection process
[5]. Proximity sensor-based counting systems have
limitations because detection success is influenced by the
object’s position, material, and distance from the sensor [6].
Additionally, variations in conveyor speed can affect system
performance [7]. These limitations have driven the adoption
of computer vision, which utilizes visual information about
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objects for detection and identification, thereby reducing
reliance on the object’s physical characteristics and position
relative to the sensor [8].

Advances in computer vision and deep learning have
enabled the development of automated, real-time object
detection systems. One widely used algorithm is YOLO
(You Only Look Once), as it can detect objects in a single
processing step, making it suitable for real-time applications
[9]. Mahardhika and Pakereng applied YOLOV8I combined
with DeepSORT for real-time object detection and tracking
[10]. However, the application of deep learning models on
embedded devices with limited computational resources still
faces a trade-off between inference speed and detection
performance. This was demonstrated by Rahmat et al. in
their implementation of a deep learning model on a
Raspberry Pi [11].

Advances in edge devices enable detection to be
performed directly near the data source without relying
entirely on the cloud. Luo et al, demonstrated that
YOLOvV8N can be deployed on a Raspberry Pi 5 for real-
time detection in a production environment [12]. However,
computational limitations on edge devices can restrict
inference speed, making it necessary to use an Al
accelerator based on a Neural Processing Unit (NPU) to
support neural network inference [13].

Hailo-8 is an NPU-based Al accelerator designed to
speed up deep learning model inference on edge devices.
Harisch demonstrated the application of Hailo-8L on edge
devices for a computer vision-based vehicle speed
estimation system [14]. Meanwhile, Christo et al.
Implemented a YOLO-based detection system on a
Raspberry Pi 5 equipped with a Hailo-8L accelerator to
support real-time helmet detection in an intelligent parking
system [15].

Based on previous research, the implementation of
YOLO on edge devices, the use of the Raspberry Pi 5 for
detection in production environments, and the use of the
Hailo-8L accelerator for computer vision applications have
been carried out [12], [15]. However, those studies have not
specifically evaluated the performance of an object-counting
system on a conveyor using YOLOvV8s running on a
Raspberry Pi 5 with and without Hailo-8L acceleration. In
addition to inference speed, variations in conveyor speed
must be considered as they can affect the system’s ability to
maintain the detection and counting process. Therefore, this
study focuses on evaluating the performance of the object
counting system based on inference speed and counting
success rates at various conveyor speeds.
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The contribution of this research is the implementation
of YOLOVSs integrated with a Raspberry Pi 5 and a Hailo-
8L accelerator for a real-time object counting system on a
conveyor. The evaluation was conducted by comparing the
system’s performance with and without the Hailo-8L based
on frames per second (FPS), as well as by assessing
counting accuracy at various conveyor speeds. The
evaluation results were used to analyze the effect of the
Hailo-8L accelerator on inference speed and counting
accuracy as the conveyor speed increases.

Based on this background, this study aims to
implement the YOLOv8s model to detect and count objects
on a conveyor in real time, as well as to analyze the impact
of using the Hailo-8L accelerator on inference speed and
counting accuracy. Testing was conducted by comparing the
system with and without the Hailo-8L based on the Frame
per Second (FPS) value and the number of objects
successfully counted at various conveyor speeds.

Il. MATERIALS AND METHODS

1. Dataset
Collection

2. Dataset Annotation
Using Roboflow

3. Data Training
Using Google Colab

4. Export to
ONNX Model

|

5. Export to 6. Raspberry Pi 5 and
hef Model P! Hailo-8L Programming

8. Testing, Data
| Collection, and
Functional Testing

7. Schematic Diagram
Design

Fig. 1. Research Process

This study employs a Research and Development
(R&D) methodology aimed at designing, implementing, and
testing a real-time YOLOv8s-based object detection and
counting system on a conveyor belt. The research stages as
shown in Fig. 1 were carried out systematically through
dataset collection, annotation using Roboflow, model
training using Google Colaboratory, and model conversion
from ONNX format to Hailo Executable Format (.hef). The
compiled model was then implemented on a Raspberry Pi 5
with Hailo-8L accelerator support. The next phase involved
device programming and the design of a system schematic
integrating the camera, Raspberry Pi 5, Hailo-8L, and
conveyor. The integrated system was then tested, data was
collected, and functional tests were conducted at various
conveyor speeds. The test results were used to evaluate
system performance based on inference speed, FPS, and
object counting accuracy, as well as to compare system
performance with and without the Hailo-8L accelerator.

A. Dataset Collection

The dataset collection phase was conducted to obtain
images of objects representing the conveyor system’s
operational conditions. Images were captured using a
Logitech C920 camera positioned above the conveyor, 40
cm from the conveyor surface. Images were captured while
the conveyor was moving at a speed of 1 m/min, thereby
obtaining images of objects in different positions and
orientations, as shown in Fig. 2.

Fig. 2. Sample Dataset

The dataset was collected while taking into account
several variations in conditions, including the number of
objects, object positions, object orientations, distances
between objects, lighting conditions, and object positions on
the conveyor. The dataset consists of 1,343 images
containing a total of 8,224 object instances in a single class:
bottle caps. The images were obtained from several capture
sessions over the course of a single day using a camera
positioned at a fixed distance of 40 cm from the conveyor.

B. Dataset Annotation Using Roboflow

The dataset annotation phase was conducted using the
Roboflow platform to label each bottle cap object in the
images. The dataset was uploaded to Roboflow and
configured using the Object Detection project type. Each
bottle cap object was annotated with a bounding box that
individually encloses the object’s area, as shown in Fig 3.

Fig. 3. Object Annotation using Roboflow
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Fig. 4. Split Image

After the annotation process was complete, the dataset
was divided into three parts: 70% for training, 20% for
validation, and 10% for testing. The dataset splitting
configuration in Roboflow is shown in Fig. 4. A random split
was performed to distribute the data across each subset
before it was used in the YOLOv8s model training and
evaluation process. Next, the dataset was configured for use
with the YOLOvV8 model, and the dataset was exported.
Roboflow then provided an APl key used to access and
retrieve the dataset directly within the Google Colaboratory
environment.



C. YOLOv8s Training Data

Model training process was conducted using Google
Colaboratory with the Ultralytics framework, version
8.3.241. The model used was a pre-trained YOLOV8s
model, while the dataset—which had been annotated using
Roboflow—was accessed via an API and used as input
during the training process. Training was performed using
an NVIDIA Tesla T4 GPU with CUDA support. The
YOLOvV8s model was trained for 100 epochs with an input
image size of 640 x 640 pixels and a batch size of 16. The
patience value was set to 80 epochs. The optimizer uses the
“auto” configuration, with an initial learning rate (Ir0) of
0.01, a final learning rate factor (Irf) of 0.01, momentum of
0.937, and weight decay of 0.0005.

The image augmentation techniques used include
changes in hue, saturation, and value 0.015, 0.7, and 0.4,
respectively; translation 0.1; scaling 0.5; horizontal flipping
0.5; and mosaicking 1.0. The rotation, shear, perspective,
vertical flip, mixup, and copy-paste parameters are set to 0.
During the inference stage, the confidence threshold is set to
0.50, so detections with a confidence value below 0.50 are
not used in the tracking and counting process.

D. Export to ONNX Model

Next step, once the YOLOVS8s training process is
complete, is to export the best model—saved in the best.pt
format—to the ONNX (Open Neural Network Exchange)
format using the Ultralytics framework. The best.pt model
consists of the trained weights that will serve as the basis for
the conversion process. The export is performed using the
model.export() function with an input size of 640x640
pixels. The corresponding code implementation in Google
Colaboratory environment is shown in Fig. 5. This process
generates a best.onnx file in the training directory.

The ONNX format is used because it is an
interoperable model format and serves as an intermediate
step in the process of compiling the model for the Hailo-8L
accelerator. Therefore, conversion from “best.pt” to ONNX
is required before the model is further processed using the
Hailo Dataflow Compiler to generate the Hailo Executable
Format (.hef).

° # Get the path to the best trained model
best_model_path = os.path.join("runs", "detect”, "train”, "weights", "best.pt")

# Load the best trained model
model = YOLO(best_model_path)

# Export the model to ONNX format
model.export(format="onnx")

Fig. 5. ONNX Export Format

During the export process, several parameters must be
considered to ensure the model meets the Hailo-8L
compilation requirements. The “simplify=false™ parameter is
used to preserve the structure of the exported model without
automatically simplifying the graph, while "dynamic=False’
is used to ensure the model’s input size remains static. A
static input size is required because models compiled for
Hailo use a predefined input format of 640 x 640 pixels.
With this configuration, the “best.onnx™ model is then used
as input during the model compilation stage using the Hailo
Dataflow Compiler.

E. Export to hef Model

After successfully exporting the YOLOv8s model to
ONNX format, the next step is to compile the model into the
Hailo Executable Format (.hef) so it can run on the Hailo-8L
accelerator. The compilation process is performed using the
Hailo Dataflow Compiler (DFC) within a WSL environment
running Ubuntu 22.04. Since DFC is designed for x86-based
Linux systems, using WSL allows the compilation process
to be carried out on a Windows-based computer.

The first step is to download DFC version 3.33.1 from
the Hailo Developer Zone and install it on an Ubuntu
environment. Next, Hailo Model Zoo is installed on the
same environment to support model parsing, optimization,
and compilation. Version compatibility between DFC and
Model Zoo must be ensured, as both are designed to be used
in compatible version pairs. According to the release notes,
Hailo Model Zoo version 2.18 uses Dataflow Compiler
3.33.1.

Best.onnx model is then used as input for the
compilation process. In addition to the model, a set of
images representing the actual conditions of the objects is
prepared as calibration data. This data is used during the
model optimization and quantization stages to ensure that
the characteristics of the input data used during compilation
align with the system’s operational conditions. Once all
configurations and calibration data were available, the
compilation process was run using Hailo Model Zoo and
DFC. This process generated the “best.hef™ file, which was
subsequently used during the implementation of YOLOv8s
on a Raspberry Pi 5 with a Hailo-8L accelerator.

F. Programming the Raspberry Pi 5 and Hailo-8L

System was implemented on a Raspberry Pi 5 using
the Python programming language. The program was
designed to integrate a camera, the YOLOv8s model in .hef
format, the Hailo-8L accelerator, and object tracking and
counting mechanisms. In the image processing phase,
OpenCV was used to handle camera input and frame
processing, while the Hailo RPi 5 Examples component
served as the foundation for managing the detection pipeline
and processing the model’s output on the Hailo-8L. The
overall processing flow of the implemented system is
illustrated in Fig. 6.
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Fig. 6. Programming Flowchart

The program begins by capturing images from the
conveyor. Each frame has a resolution of 640 x 640 pixels
and is then fed into the YOLOvV8s model on the Hailo-8L.
The inference results consist of bounding boxes, class
labels, and confidence scores. During the post-processing
stage, Non-Maximum Suppression (NMS) is used to filter



out overlapping bounding boxes so that the detection results
can be used for individual object identification.

Tracking process uses custom centroid-based tracking
based on Euclidean distance. Each object is assigned a
sequential tracking ID and matched with the next frame’s
detection based on centroid distance. Objects are considered
the same if they share the same class and their centroid
distance is less than 80 pixels. Objects that remain
undetected for more than 1.5 seconds are removed from the
tracking list. This configuration is used to preserve object
identity across frames.

Counting process uses a counting zone consisting of a
horizontal line at the Y-coordinate of 300 pixels with a
tolerance of 20 pixels. An object is counted when its
centroid falls within the range of 280-320 pixels, the system
is active, and the object has not been counted before. This
mechanism ensures that objects appearing across multiple
frames are treated as a single object and counted only once.
The settings for the confidence threshold, NMS, and
tracking parameters also play a role in ensuring that nearby
objects are detected and processed individually.

G. Schematic Diagram Design

Fig. 7. Schematic Diagram

The schematic diagram illustrates the connections
between the components used in the conveyor counting
system, as shown in Fig. 7. The Raspberry Pi 5, integrated
with the Hailo-8L, serves as the system’s processing hub. A
camera is used to capture images of objects on the conveyor;
the image data is then processed by the YOLOv8s model via
the Hailo-8L accelerator to perform object detection and
counting.

System is operated using three physical buttons—
START, STOP, and RESET—which are connected to the
Raspberry Pi 5’s GPIO pins via optocouplers, serving as an
isolation interface between the button circuit and the
Raspberry Pi’s GPIO. The system also features a
touchscreen LCD to display counting information and
counting settings that can be accessed by the operator.

The Raspberry Pi also controls the SSR (solid-state
relay) used to activate the alarm. When the number of
objects counted reaches the specified threshold, the
Raspberry Pi sends a command to the SSR, causing the
alarm to sound as a notification to the operator. In this way,
all components are integrated into a single system to support
the automatic operation of this object detection device.

H. Testing and Data Collection

A trial phase was conducted to evaluate the
performance of the object detection and counting system on
the Raspberry Pi 5 by comparing the use of the Hailo-8L

accelerator with and without the Hailo-8L. Testing was
performed on a conveyor belt using the YOLOv8s model
and the same dataset to determine the effect of the Hailo-8L
on real-time inference performance. The data collected
included conveyor speed, frames per second (FPS), the
number of detected objects, and image resolution, with
variations in conveyor speed and lighting conditions.

To ensure a fair comparison, both configurations used
the YOLOV8s model, the same camera and image input, a
resolution of 640x640 pixels, a confidence threshold of
0.50, the same NMS configuration, and the same custom
centroid-based tracking. The conditions, number of objects,
and conveyor speed were also kept consistent. The test
results were used to compare the FPS, detection and
counting capabilities, and system stability based on the use
of the Hailo-8L.

I11. RESULTS AND DISCUSSION

This chapter presents the results of testing and analysis
of a YOLOv8s-based object detection and counting system
implemented on a Raspberry Pi 5 with and without the
Hailo-8L accelerator. The discussion aims to determine the
model’s performance and the impact of the accelerator on the
system’s ability to detect and count objects in real time. The
research results were analyzed based on several parameters,
including the performance of the YOLOv8s model, the
number of objects successfully detected at various conveyor
speeds, the Frame per Second (FPS) value, and the effect of
varying input resolutions on the system’s processing
capabilities. All test results were then compared and
analyzed to determine the relationship  between
computational capability, object movement speed, and the
success of the counting process in the developed system.

A. YOLOvV8s Model Training Results

After training the model using YOLOVS8s, an evaluation
was conducted on the validation data to assess the model’s
ability to detect bottle caps. The validation data consisted of
268 images containing 1,650 objects. The evaluation was
performed using precision, recall, mMAP@50, and mAP@50—
95. The evaluation results are shown in Table I.

TABLE I. EVALUATION METRICS

NO Matrik Evaluasi Nilai
1 Precision 0,9865
2 Recall 0,9867
3 mAP@50 0,9915
4 mAP@50-95 0,9245

Based on Table I, the YOLOv8s model achieved a
precision of 0.9865 and a recall of 0.9867. These values
indicate that the model was able to successfully predict and
detect the majority of bottle cap objects in the validation
dataset. An mAP@50 value of 0.9915 was obtained at an
loU of 0.50, while mAP@50-95 of 0.9245 represents the
average precision across loU values from 0.50 to 0.95 in
0.05 intervals. The lower mAP@50-95 value compared to
MAP@50 indicates that the evaluation becomes more
stringent as the precision of the bounding box position is
increased.




Further evaluation was conducted using a confusion
matrix, a precision-recall curve, and an F1-confidence
curve. Based on the confusion matrix, 1,630 bottle cap
objects were successfully detected, 20 objects were not
detected (false negatives), and 30 bottle cap predictions
were made in the background area (false positives). The
results of the normalized confusion matrix show that
approximately 99% of bottle cap objects were successfully
identified, while about 1% were not detected. In the visual
sample of the prediction results, the bounding boxes appear
to have been successfully placed on the bottle cap objects
with high confidence scores.

The Precision-Recall Curve shows an mAP@50 value
of 0.991, while the F1-Confidence Curve shows an F1 score
of approximately 0.99 at a confidence level of
approximately 0.454. In the system implementation, the
confidence threshold is set at 0.50, so predictions with a
confidence score below 0.50 are not used in the tracking and
counting process.

Overall, the evaluation results show that the YOLOv8s
model exhibits high performance in detecting bottle caps on
the validation dataset. The model was then deployed on a
Raspberry Pi 5 for a bottle caps-counting system, and
comparisons were made between CPU-based processing and
the Hailo-8L accelerator.

B. Counting Results With and Without an Accelerator

The tests were conducted to compare the system’s
ability to detect and count objects with and without an
accelerator. Each experiment used 10 bottle caps and 640 x
640-pixel images, with several variations in conveyor speed.
For each conveyor speed variation, 5 tests were conducted,
yielding 5 count results, which were then averaged.

Comparison of Bottle Detection Results

Number of Bottles Detected
“w

14 —— Without Hailo-8L
o— Hailo-8L

16 26 48 6.0 70 8.0 9.0 100
Motor Speed

Fig. 8. Comparison of Bottle Cap Detection Results

Values in Fig. 8 represent the average number of bottle
caps successfully counted from five tests at each speed
variation. The system using the Hailo-8L was able to
maintain relatively consistent counting results across all
speed variations. The average number of objects
successfully counted was 10 at speeds ranging from 1.6 to
8.0 m/min, then dropped to 9.8 at 9.0 m/min and 9.6 at 10
m/min.

In contrast, the system without the Hailo-8L showed a
decrease in the average number of successfully counted
objects as the conveyor speed increased. The average
number of successfully counted objects was 9.8 at 1.6
m/min, then continued to decrease at speeds ranging from
2.6 to 10 m/min. The results indicate that the system without

an accelerator experiences a decline in its ability to maintain
the object detection and counting process as conveyor speed
increases.
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Fig. 10. Test Results without Hailo-8L

The frame processing performance of the system was
also observed through the FPS displayed on the Raspberry
Pi. The FPS documentation for the system using the Hailo-
8L is shown in Fig. 9, while the corresponding FPS
documentation for the system without the Hailo-8L is shown
in Fig. 10. These observations provide a visual comparison
of the frame processing performance under both
configurations.

Based on the average of five test runs, the system with
Hailo-8L produced more consistent object counts compared
to the system without an accelerator. Hailo-8L acts as an
inference accelerator on the Raspberry Pi 5, allowing frame
processing to occur more quickly. This helps maintain
continuous detection and tracking when objects move at
higher conveyor speeds.

C. FPS Analysis of Conveyor Speed

Comparison of FPS against Conveyor Speed

—e— No Hailo 8L _a
-~ Hailo 8L

16 26 a8 6.0 7.0 8.0 20 100
Conveyor Speed

Fig. 11. Comparison FPS Results



FPS testing was conducted to determine the effect of
using the Hailo-8L accelerator on the inference performance
of YOLOVS8s on a Raspberry Pi 5 with an image resolution
of 640x640 pixels. As shown in Fig 11, the system without
the Hailo-8L produced an FPS in the range of 2.2-3.0 FPS,
while the system with the Hailo-8L produced 22.5-33 FPS
across all conveyor speed variations. The highest FPS value
for the system with the Hailo-8L was obtained at a conveyor
speed of 8.0 m/min. The performance improvement was
calculated using the following equation:

_ FPSHailo
[Speedup = 2~ 71 )
[Speedup =22 = 13,14 x~ 13,1 X] ©)

The equivalent processing time per frame is calculated
based on the relationship between FPS and processing time:

1000

[Tframe = m] ©))
Therefore, we obtain:
[Tepy = % ~ 454,5 ms/frame] (4)
1000
[Tyaito = 280~ 34,6 ms/frame] (5)

Results show that using the Hailo-8L increases
inference throughput by approximately 13.1 times and
results in a lower equivalent processing time per frame. This
improvement in inference performance enables more
responsive object detection and counting on the conveyor.

D. Effect of Input Resolution on FPS

Testing was conducted under two scenarios to evaluate
the impact of system configuration on computer vision
performance: the effect of resolution on FPS in Test A and
the effect of camera height on counting accuracy in Test B.

Test A was conducted to determine the effect of
changes in input resolution on the system’s processing
speed. In this test, the camera was kept at a fixed height of
40 cm above the conveyor surface, while the input
resolution was varied. The test was conducted on a system
using a Raspberry Pi 5, both with and without the Hailo-8L.

contrast, systems using the Hailo-8L maintain relatively
stable FPS at every given input resolution. Test A results
show that the Hailo-8L is capable of maintaining inference
speed when the input resolution is increased

Test B was conducted at a fixed resolution of 640x640
pixels with a conveyor speed of 4.8 m/min, using 10 bottle
caps as test objects. Each camera height variation was tested
three times, and the results from the three tests were
averaged to obtain the calculated values and accuracy.

TABLE I1l. HIGH-RESOLUTION CAMERA TEST RESULTS FOR COUNTING

Table Test B
NO | Capwa | Helofl | v i | Wi
Hailo-8L Hailo-8L
1 23cm 10,0 100% 2,0 20%
2 25cm 10,0 100% 2,0 20%
3 30cm 10,0 100% 133 13,33%
4 40cm 9,67 96,67% 1,67 16,67%

TABLE Il. EFFECT OF RESOLUTION ON FPS
Test Table A
Max -
NO Resolution Camera FPS \.N'thOUt FPS Hailo-8L
. Hailo-8L
Height

1 320x320 40 cm 55 35
Piksel

2 480450 40 cm 3,2 2
Piksel

3 640x640 40 cm 2.1 33
Piksel

Based on Table Il above, increasing the input
resolution causes a decrease in FPS on systems without the
Hailo-8L; FPS decreases as the input load increases. This
decrease indicates that increasing the input resolution affects
processing on the Raspberry Pi 5 without an accelerator. In

Based on Table Il above, the system with Hailo-8L
achieved a calculation accuracy of 100% at camera heights
of 23, 25, and 30 cm, and 96.67% at a height of 40 cm.
Meanwhile, the system without the Hailo-8L achieved
accuracies of 20%, 20%, 13.33%, and 16.67%, respectively.
These results indicate that at a resolution of 640x640 pixels
and a conveyor speed of 4.8 m/min, the use of the Hailo-8L
is capable of maintaining high counting accuracy across the
range of camera heights tested.

E. Implementation of the System on the Production Line

After undergoing testing, the system was implemented
directly on the production line of a company in Surabaya
that specializes in plastic bottle packaging. The system is
used to automatically detect and count bottle caps according
to the quantity specified by the operator. The system is
equipped with start, stop, and reset buttons, as well as a
touchscreen used to monitor the number of objects and set
the counting target for each carton. The implementation and
operation of the system on the production line are shown in
Fig. 12.

Fig. 12. Equipment Used on the Production Line

Validation was conducted over 3 days during the
production process at a capacity of 4 cartons. Each carton
contained 1,500 bottle caps as ground truth, resulting in



approximately 12 test cycles with a total of 18,000 objects at
a conveyor speed of 5 m/minute. Based on the evaluation
results, the system achieved a 97% success rate.
Equivalently, this figure indicates that approximately 17,460
objects were successfully counted in accordance with the
actual count, while approximately 540 objects represented a
counting discrepancy, consisting of both potential
undercounts and overcounts.

F. Comparison with Previos Research

A comparison of the system with previous research is
shown in Table IV to examine the performance of the
Raspberry Pi, YOLO, and the accelerator in computer vision
applications. The comparison includes FPS and detection
counting results.

TABLE IV. COMPARISON WITH PREVIOUS RESEARCH

Comparison Table
NO Equipment Accel
Research ang Mpetho ds FPS Results erator
Raspberry Pi
5+
Luo et al. YOLOvV8n, Accuracy
! [12] Product 271 993% No
detection on a
conveyor belt
Raspberry Pi Agcgc %LZCV
Pasache 5 + custom i
2 | etal.[16] | lightweight | =~ | Processing | No
time 12.4
CNN
ms/seed
Raspberry Pi
Veena 4+ -
3 Devi et YOLOVSs, 5-6 Sorggg 94- No
al. [17] Conveyor belt °
classification
Raspberry Pi
5+
4 Arianta YOLOVSs, 27 Accuracy Hailo
etal. [18] deteksi 92,96% -8L
kerusakan
jalan
P 98,65%;
R 98,67%;
Raspberry Pi mAP@50
5 This 5 +YOLOVSs, 8.9 99,15%; Hailo
Research counting ' 100 % -8L
conveyor Counting at
1,6-8,0
m/min

According to Table 1V, the system without an
accelerator on the Raspberry Pi produced 0.5-6 FPS,
whereas Arianta et al. [18]. Used a Raspberry Pi 5,
YOLOVS8s, and Hailo-8L to achieve an average of 27 FPS.
This study achieved an average of 28.9 FPS with the Hailo-
8L and 2.2-3.0 FPS without an accelerator, representing a
13.1-fold increase. The difference in FPS is influenced by
the model, resolution, preprocessing, postprocessing, and
the tracking-counting stages in each pipeline.

YOLOvV8s model used in this study achieved a
precision of 98.65%, a recall of 98.67%, an mAP@50 of
99.15%, and an MAP@50-95 of 92.45%. These metrics
reflect detection performance, whereas counting is also
influenced by tracking and object movement. With the
Hailo-8L, counting averaged 10 objects at 1.6-8.0 m/min,
then 9.8 at 9 m/min, and 9.6 at 10 m/min. This decrease

demonstrates a trade-off between conveyor speed and
counting accuracy. Missed detections can be caused by
faster object movement, position changes,
overlap/occlusion, and inconsistent bounding boxes.
Variations in camera height also have an effect.

Overall, the Hailo-8L improves throughput and helps
maintain counting consistency. In an industrial setting, the
system was tested on 18,000 bottle caps and achieved a
success rate of approximately 97%. The system’s limitations
include reduced counting accuracy due to sensitivity to
camera position and distance, as well as missed detections
caused by overlap.

IV. CONCLUSION

Based on the research results, YOLOv8s was
successfully implemented for the detection and counting of
bottle caps on a Raspberry Pi 5-based conveyor, achieving a
precision of 0.986, a recall of 0.986, an mMAP@50 of 0.991,
and an mAP@50-95 of 0.924. The use of the Hailo-8L
accelerator increased the system’s throughput from an
average of 2.2 FPS to 28.9 FPS—approximately 13.1 times
higher than processing without an accelerator. In counting
tests, the system with the Hailo-8L was able to count an
average of 10 objects at conveyor speeds of 1.6-8.0 m/min,
while at a speed of 9 m/min the average number of counted
objects decreased to 9.8, and at 10 m/min it dropped to 9.6.
Validation in an industrial environment, conducted over
three days with 12 cycles and a total of 18,000 bottle caps at
a conveyor speed of 5 m/min, showed a system success rate
of 97%. However, the system still has limitations, such as a
decrease in counting accuracy influenced by the camera’s
position and distance from the objects, as well as the
possibility of missed detections due to changes in position
and overlap between objects. Therefore, future research
should improve the robustness of the tracking and counting
processes against variations in conveyor speed, camera
position, and object density, as well as conduct testing under
a wider range of operational conditions.
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