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Abstract: This study presents the development and evaluation of an automatic passenger counting 
system for public buses using the YOLOv8 algorithm based on Convolutional Neural Networks 
(CNN). Accurate passenger counting plays a crucial role in optimizing public transportation operations, 
as it enables effective capacity management, reduces operational costs, and improves overall passenger 
comfort. Conventional manual counting methods are often inefficient, time-consuming, and prone to 
human error, particularly in high-density urban transportation environments. Therefore, an automated 
and intelligent solution is required to support real-time monitoring and operational decision-making. 
The proposed system employs deep learning-based object detection to identify and count passengers 
from video streams captured by cameras installed inside buses. Two camera positions, namely front 
and rear views, were evaluated to assess system performance under different visual conditions. The 
experimental results show that the system achieves high detection accuracy in the front camera view, 
with a confidence score of 0.82, indicating reliable performance in scenarios with minimal object 
occlusion. In contrast, the rear camera view demonstrates slightly lower accuracy, with a confidence 
score of 0.76, mainly due to increased object overlap and variations in lighting conditions. These 
findings emphasize the importance of appropriate camera placement and environmental consideration 
in improving detection reliability. In addition, the implementation of the proposed system enables real-
time monitoring of passenger flow, which supports dynamic scheduling, demand-based route planning, 
and efficient fleet management. Accurate passenger data allows transportation operators to optimize 
service allocation, reduce congestion, and enhance overall service quality. Overall, this study 
contributes to the development of intelligent transportation systems by demonstrating the practical 
applicability of deep learning-based passenger counting solutions. The proposed approach offers 
strong potential for real-world deployment in smart city environments, supporting the creation of more 
sustainable, efficient, and passenger-oriented public transportation services. 

Keywords: Passenger Counting; YOLOv; Public Transportation; Real-time Detection; Convolutional 
Neural Networks (CNN) 

 

1. Introduction 

Public transportation capacity management is a key challenge in enhancing operational 
efficiency and passenger comfort (Khan et al. 2024; Mirnig et al. 2021). In Indonesia, 
complaints about long waiting times due to mismatched vehicle capacity and passenger 
demand are common (Suryobuwono et al. 2021). Conventional passenger monitoring systems 
in public buses often lead to issues such as imbalanced passenger distribution, long waiting 
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times, and suboptimal bus capacity (Sawant et al. 2023). Efficient technology-based solutions 
are needed to address the problem of inaccurate passenger counting (Cherrier et al. 2023). 

Convolutional Neural Networks (CNN) have shown great potential in tackling this 
challenge by detecting objects in the transportation sector (Gu and Sinnot 2023). CNN, with 
its ability to recognize and count objects in real time, offers an advanced solution for 
passenger detection in dynamic environments (Milanovic et al. 2024; Pravallika et al. 2024). 
The YOLOv8 model, the latest development of YOLO, has proven to be superior in object 
detection efficiency and accuracy, with more than 95% accuracy, making it a relevant solution 
for public transportation (Hussain 2024; Ye, Wu, and Rong 2024) 

The application of YOLOv8 in public transportation aims to improve passenger 
counting accuracy (Rawat, Rai, and Agarwal 2024). It also supports the development of smart 
cities by leveraging real-time data for strategic decision-making (Radovan, Đambić, and 
Mihaljević 2024). Furthermore, this system reduces operational costs such as fuel and vehicle 
maintenance due to inefficient capacity planning (Rathi et al. 2024). 

This study aims to develop an automated passenger counting system based on YOLOv8 
for public buses in Indonesia, with the hope of optimizing bus capacity, improving 
operational efficiency, and enhancing passenger comfort. Additionally, this research is 
expected to serve as a reference for developing similar systems in other cities, thereby 
improving the quality of public transportation services in Indonesia. 

2. Literature Review 

In completing this research, the author refers to several relevant articles. 

2.1. Passenger Counting System 

A study by Rakhymova et al. (2024) developed an automatic passenger counting system using 
YOLO and DeepSORT with high accuracy, proposing depth sensors to improve accuracy in 
crowded conditions. Another study by Kusuma, Usman, and Saidah (2021) used YOLOv4 
with 69% accuracy and an mAP of 72.68%, but low lighting and object overlap posed 
challenges that could be addressed with YOLOv8. Gao et al. (2020) highlighted the 
advantages of CNN, including YOLO, in real-time object detection, especially in high-density 
conditions, although object overlap remains a challenge. 

2.2 Public Transportation 

Research by Rakhymova et al. (2024) showed that the combination of YOLO and DeepSORT 
is effective for detecting and tracking passengers in varying lighting conditions and high 
density, with camera angle adjustments improving precision. Another study by Kusuma et al. 
(2021) evaluated the use of YOLOv4 in counting public transportation passengers with 69% 
accuracy, identifying issues with low lighting and object overlap, which could be resolved with 
YOLOv8. Meanwhile, Choi et al. (2022) explored a WiFi-based approach for crowd counting, 
relevant to the use of YOLOv8 for efficient detection in public transportation. 

2.3 Convolutional Neural Network (CNN) 

Gao et al. (2020) reviewed over 220 studies on density estimation using CNNs, which are 
effective in handling non-uniform object distribution, although object overlap remains a 
challenge. Arruda et al. (2022) proposed a CNN method with Multi-Stage Refinement for 
detecting objects in high-density environments, demonstrating high accuracy. Gao et al. 
(2023) examined CNN applications for crowd counting in IoT, emphasizing the importance 
of multi-scale data processing to enhance accuracy. 

2.4 Yolov8 

Ren et al. (2020) developed a YOLO model based on SqueezeNet (S-YOLO-PC), which 
improved detection efficiency with 41 FPS and 72% precision. Kusuma et al. (2021) used 
YOLOv4 for passenger counting with 69% accuracy and an mAP of 72.68%, but low lighting 
and object overlap remained challenges that could be addressed with YOLOv8. 

2.5 Capacity Optimization 



International Journal of Information Engineering and Science 2025 (November), vol. 1, no. 4, Prastyo, et al. 3 of 7 

 

Rakhymova et al. (2024) implemented YOLO and DeepSORT to automatically detect 
passengers, improving transportation operational efficiency through route and schedule 
optimization, along with the use of depth sensors for higher accuracy during peak hours. 
Zhang et al. (2021) introduced a CNN-based approach for counting and localizing individuals 
in crowds using ResNet and Peak Confidence Map (PCM), enhancing detection accuracy in 
high-density conditions.  (Arruda et al. 2022) proposed a CNN method with Multi-Stage 
Refinement to detect objects in dense conditions, improving counting accuracy. 

3. Method 

a) System Architecture 
● Data Input: Video recordings are taken from inside the bus using either 

CCTV or smartphones, simulating the camera's position to cover all 
passengers. 

● Data Preprocessing: Each video frame is resized using OpenCV to match 
the screen resolution without additional normalization. 

● Object Detection Model: YOLOv8 with pre-trained weights is used to 
detect individuals in each frame, applying a bounding box and the label 
“person.” 

● Counting and Visualization: The system counts the detected passengers, 
displays the result in real time, and provides an audio warning if the 
number exceeds the bus's specified capacity. 

b) Dataset and Data Collection 
The system uses the pre-trained YOLOv8 model on the COCO dataset, ensuring 
valid human detection within the bus context. Simulation videos are captured 
using smartphones for initial testing. 

c) Detection and Counting Process 

● Frame Preprocessing: Video frames are processed to adjust the resolution. 

 

Figure 1. Frame Preprocessing 

● Object Detection: The YOLOv8 model detects objects, generating bounding 
box coordinates, object class labels, and confidence levels. 

 

Figure 2. Object Detection 

● Counting the Number of People: The system counts the number of bounding 
boxes labeled "person" and triggers an audio alert if the count exceeds the 
maximum capacity. 

 

Figure 3. Counting the Number of People 

d) Performance Evaluation 
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● Detection Accuracy: Comparison of the detected number of passengers with 
the ground truth in the same frame. 

● Frames Per Second (FPS): Measures the efficiency of real-time processing. 
● Precision, Recall, and F1-Score: Evaluates detection performance in various 

scenarios inside the bus. 
e) Implementation and Testing 

The system was developed using Python, OpenCV, Tkinter, and the YOLOv8 
library from Ultralytics. Testing was conducted on a device with specifications of 
AMD Ryzen 5 5600H, 8 GB RAM, and NVIDIA GeForce RTX 3050 GPU. 
Video recordings were tested under various scenarios, including different 
passenger densities, lighting conditions (day/night), and video resolutions to 
ensure system reliability. 

4. Results and Discussion 

4.1. Results 

The YOLOv8-based detection system successfully counts the number of individuals in 
an indoor environment with good accuracy. Users can choose a camera or upload a video, 
and the system will detect individuals with bounding boxes and the "person" label, along with 
a confidence score. 

 

Figure 4. System Interface for Test Video Selection 

In the simulation video test scenario inside the bus, with the camera's point of view from 
the rear, the system detected 10 individuals, even though the bus's maximum capacity was 5 
people. The average confidence score of this detection was 0.76. This result indicates that 
detecting individuals from the rear camera viewpoint has limitations in accuracy, especially in 
situations where detected objects overlap due to the narrow field of view, causing nearby 
individuals to be detected as a single object. 

 

Figure 5. Visualization Result of Rear View Detection 

 

Figure 6. Average Confidence Score (Result 1) 

In comparison, in the front camera viewpoint test, the system detected 3 individuals with a 
confidence score of 0.82, showing an improvement in accuracy. In the front view, objects are more 
clearly visible, and overlaps are minimized. 
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Figure 7. Visualization Result of Front View Detection 

 

Figure 8. Average Confidence Score (Result 2) 

The comparison of both scenarios confirms that the camera viewpoint greatly affects detection 
accuracy. Therefore, using a front view is recommended to improve the accuracy of passenger count, 
especially in crowded situations. 

4.1. Discussion 

This study develops an automatic passenger counting system for public buses using 
YOLOv8 based on a CNN. The results show that the system detects passengers with high 
accuracy, particularly from the front camera view (confidence score of 0.82), compared to the 
rear camera view (confidence score of 0.76), which is influenced by object overlap. While 
YOLOv8 outperforms previous models, its performance decreases under low lighting 
conditions, consistent with the findings of (Kusuma et al. 2021). 

This system offers practical benefits for public transportation management, such as 
capacity optimization, reduced operational costs, and improved passenger comfort through 
real-time data. However, there are limitations related to camera perspective sensitivity, 
lighting, and testing being conducted on a single vehicle. Future research could explore the 
integration of multi-sensor systems, transfer learning, and edge computing to address these 
limitations and further improve detection accuracy and speed. 

5. Conclusion 

This study successfully developed an automatic passenger counting system based on 
YOLOv8, capable of detecting and counting passengers in real-time with high accuracy, 
especially from an optimal camera viewpoint. YOLOv8 technology has proven effective in 
addressing capacity and operational efficiency issues in public transportation. However, the 
system has limitations related to its sensitivity to the camera viewpoint, particularly with rear 
cameras, where object overlap can reduce detection accuracy. Strategic camera placement is 
crucial to overcome this issue. 

Future research is recommended to integrate additional sensors such as depth or LiDAR, 
to improve accuracy in high-density situations, as well as test the system on a larger scale and 
in various operational conditions to assess its stability and scalability. This technology has the 
potential to be applied to various other types of transportation, supporting more efficient 
transportation management and enhancing the user experience. 

This study has several limitations that need to be considered, particularly regarding the 
system's sensitivity to camera position and viewpoint. Detection results heavily depend on 
the camera's position, with the front view providing better accuracy than the rear camera, 
especially in situations with object overlap. This affects the system's effectiveness in 
optimizing bus capacity. 

Additionally, although YOLOv8 performs better than previous models, detection 
accuracy under low-light conditions is still suboptimal, which impacts the system's reliability 
in real-world situations. Another limitation is that testing was only conducted on a single 
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vehicle, which restricts the generalization of results and the system's reliability in more 
complex conditions and on a larger scale. 
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