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In the era of intelligent transportation systems, real-time vehicle detection
and distance estimation play a crucial role in enhancing road safety and
traffic efficiency. This study proposes a low-cost, real-time system that
integrates you only look once—version 8 (YOLOV8)-based deep learning for
vehicle detection with monocular vision techniques for distance estimation,
implemented on a Raspberry Pi embedded platform. The objective is to
provide a scalable, affordable solution for traffic monitoring and collision
avoidance in resource-constrained environments. The methodology involves
using a camera module connected to Raspberry Pi for live video capture,
YOLOv8 for object detection, and a calibrated monocular distance
estimation algorithm based on bounding box dimensions and known vehicle
sizes. Experimental results show that the system achieves over 90%
detection accuracy under standard lighting conditions and maintains a
distance estimation error below 10% for vehicles within 15 meters. The
model processes video frames in real time (~0.17 seconds per frame),
proving its effectiveness for embedded deployment. In conclusion, the
proposed system offers a robust, power-efficient alternative to high-cost
light detection and ranging (LiDAR) or stereo vision systems. Its modular
design supports future enhancements such as speed estimation or multi-
camera integration, making it highly relevant for smart city applications and
low-cost vehicular safety systems.
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1. INTRODUCTION

In an age where smart transport systems are fast growing, vehicle detection and distance estimation
are emerging as important technologies for improving road safety and increasing traffic efficiency. Systems
that can do such things will enable applications from traffic management through adaptive cruise control to
collision avoidance, allowing vehicles to take real-time decisions [1], [2]. This paper is based on a low-cost
real-time vehicle detection and distance measurement techniques using Raspberry Pi and camera module.
You only look once-version 8 (YOLOV8) has been adopted by the system for the detection and localization
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of vehicles in the camera’s field of view. YOLOVS is an excellent state-of-art object detection model known
for its speed and accuracy [3], [4].

Along with real-time-processing capabilities, vehicles can, thus, be accurate with identification
under dynamic environments. Monocular vision-based methods will be used to estimate the distance between
the vehicle detected and the camera [5]. Thus, it does not require high cost sensors such as light detection and
ranging (LiDAR) or stereo cameras, which are costly and thereby restrict the affordability and availability of
usage.

One of the parts, the camera calibration by OpenCV, ensures accurate distance measurement by
determining the intrinsic parameters of the camera, such as its focal length and optical center, and converting
the perceived size of the vehicle into metric units [6], [7]. Finally, the derived distance is calculated based on
the known dimensions of the vehicle in the real world and its bounding box width in the image. Altogether,
YOLOVS8 for vehicle detection and monocular distance estimation provide effective, real-time applications
[8]. It is a lightweight, modular solution, ideal for installing into vehicles or for setting up in infrastructure-
based applications depending on the end-user requirements. Available on-demand for leveraging the
computation power of the Raspberry Pi in the project outputs a cost-effective system in terms of efficiency,
which is close to what any high-end expensive system would offer [9].

Ultimately this paper shows that advancement of deep learning techniques and the application of
monocular vision can be applied to vehicle detection and distance estimation, moving it one step closer
toward deployment in real-world scenarios and providing safer and more effective transportation networks
while remaining economically feasible [10], [11].

The outline of the overarching problem, emphasizing the growing demand for real-time vehicle
detection and distance estimation systems in intelligent transportation applications such as adaptive cruise
control, collision avoidance, and traffic flow optimization. We have included necessary background to ensure
that readers unfamiliar with specific aspects of deep learning and embedded systems can understand the
technical direction of the paper. The limitations of conventional detection techniques, such as background
subtraction and motion tracking, have been discussed, and the advantages of deep learning models—
particularly YOLOVS8 are mentioned.

Furthermore, the relevance and cost-efficiency of monocular vision-based distance estimation
methods compared to expensive alternatives like LIDAR and stereo cameras. To support the context, the
discussion on prior research efforts that integrate deep learning models with monocular distance estimation
on embedded platforms, especially those using Raspberry Pi. A selection of comparable works has been
reviewed and cited to demonstrate existing gaps in the literature, particularly in balancing low-cost
deployment with real-time performance. Finally, this stated that the contributions of our work:
i) development of a cost-effective and deployable vehicle detection and distance estimation system based on
Raspberry Pi and YOLOVS, ii) use of monocular vision techniques for accurate distance estimation without
reliance on high-end sensors, and iii) the creation of a modular, power-efficient system capable of real-time
performance under dynamic road conditions. The Figure 1 shown the YOLO architecture.
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Figure 1. YOLO architecture
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The introduction sets the context by highlighting the current challenges in real-time vehicle
detection and distance estimation, followed by a clear statement of the research gaps and contributions. In
section two the literature review critically examines major existing approaches, summarizing their
methodologies and findings while identifying the limitations that our work aims to address. From section
three the system design and architecture section, we present a detailed explanation of our proposed
framework, outlining the hardware setup (Raspberry Pi and camera module), software integration using
YOLOVS8, and the monocular distance estimation method. The calibration and development process section
illustrates the steps taken to fine-tune the system, including camera calibration, data processing, and
optimization for embedded deployment. The results and discussion section demonstrates the effectiveness
and real-time performance of our system through visual outputs, system response behavior, and comparison
with baseline methods. This section establishes the practicality and relevance of our approach for intelligent
transportation systems, especially in constrained environments. Finally, the conclusion reinforces the
significance of our contributions and highlights potential areas for future enhancements, such as expanding to
multi-camera setups or integrating advanced driver assistance features. This clear structural flow ensures the
reader can follow what we did, why it matters, and how it compares to existing solutions.

2. LITERATURE REVIEW

Indeed, vehicle identification as well as distance measurement indeed very much plays an important
role in applications such as adaptive cruise control, collision avoidance, and automated parking systems. This
paper explores the present methodologies and technologies applied towards vehicle detection and distance
estimation in which the comparison has been made concerning YOLOvV8 use for real-time vehicle
accomplishment, monocular distance estimation and asset of Raspberry Pi as a low-cost platform for
deployment [12], [13].

Real-time vehicle detection is a basis for every current intelligent transport system. Traditional
vehicle detection techniques include background subtraction, edge detection, and motion tracking, yet they
fall short of accuracy because of the dynamic conditions induced by occlusion, varying illumination, or high
traffic density [14]. Convolutional neural networks (CNN) have completely transformed the arena of fast and
accurate real-time vehicle detection [15]. YOLO leads reconfiguration into future research undertakings in
vehicle detection. YOLOVS, the final complement for incarnation of the YOLO algorithm, is best suited for
deployment on embedded housing platforms, such as Raspberry Pi. It is a speed and accuracy tune [16].

Early introductions to YOLO, as may be noted in authors such as Kanagala et al. [17], demonstrate
appropriate performance for real-time handling because it processes entire images by a single pass to handle
complex traffic scenes as a result. These have become evolutionally advanced in vehicles known as YOLOv4
and YOLOv5. Best performance in speed and detection accuracy came thereafter in this evolution of the
aforementioned predecessors to YOLO. The eighth and latest version improves further the former models in
accuracy and robustness when compared under different environmental conditions. This makes it the best
candidate for vehicle-detection applications on low-cost, embedded platforms like Raspberry Pi, as has been
demonstrated by Imperial et al. [18]. They use YOLOVS5 for their real-time traffic systems to detect vehicles.

Monocular distance estimation is vital to provide the necessary context for understanding detection
and contributing to situations such as adaptive cruise control and automatic emergency braking. In contrast to
the stereo vision systems which involve two cameras in estimating distance, monocular systems estimate
distance with a single camera, using known object sizes and camera calibration parameters. It can employ
perspective geometry or machine learning based depth estimation as techniques.

According to Rajan et al. [19], monocular vision can estimate or guess distances from vehicles with
apparent vehicle size in the image and the size of the vehicle themselves. A simple geometric model is
used here in which the size of an image object is inversely proportional to the distance to the object.
Amrouche et al. [4] also worked on using a set of machine learning algorithms for monocular depth
estimation, wherein deep learning models like CNN would be used to predict depth from a single image.
Though high accuracy is attained from such models, they generally require enormous data for training and
computation.

The primary advantage of using monocular distance estimation in an application employing YOLO
for vehicle detection is the fact that while YOLO instantaneously localizes vehicles, the distance can be
computed later. Rafique et al. [20] encapsulated a method wherein the size of a box bounding the vehicle was
used to determine distance by applying basic knowledge of vehicle dimensions. The summery of literature
survey on vehicle detection and distance estimation is shown in Table 1. The approach is simple yet very
viable for accurate and plausible distance estimation in real-world driving scenarios.

Previously vehicle detection systems have depended on high-powered servers but now recent
advancements in low-cost embedded platforms like Raspberry Pi may develop real-time vehicle detection
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systems through low budgets. The Raspberry Pi models powered for embedded devices, such as YOLOVS,
have sufficient processing power. One of the examples is the work of Singha et al. [21] who deployed YOLO
on the Raspberry Pi 4 to attain real-time performance in vehicle detection tasks with high accuracy.
Ramana et al. [22] combined monocular distance estimation and vehicle detection on Raspberry Pi. This
proved that the idea of using YOLO combined with monocular depth estimation algorithms can work very
well on embedded systems. Their study showed the feasibility of affordable hardware in real-time traffic
monitoring systems-the potential future of such systems [23].

Table 1. Summary of literature survey on vehicle detection and distance estimation

Ref. Contribution Methods used Key findings
[1]  Review of traditional vision-based vehicle Edge detection, background Prone to failure under dynamic traffic
detection techniques subtraction, motion tracking and lighting conditions
[2]  Proposed YOLOV1 for real-time object Single-shot CNN-based Enabled fast detection with moderate
detection detection accuracy
[3]  Improved YOLOV4 for better speed-accuracy ~ Anchor-based multi-scale Achieved high accuracy suitable for
trade-off detection complex scenes
[4]  Comparative study of YOLO versions (v1- Literature review and YOLOVS8 offers highest accuracy and
v8) benchmarking flexibility for embedded deployment
[5] Deployed YOLOV5 on Raspberry Pi Optimized deep learning Demonstrated real-time detection on
model low-cost hardware
[6] Combined YOLO with monocular vision on YOLO object detection + Achieved effective traffic monitoring on
embedded platforms distance estimation Raspberry Pi
[7]  Distance estimation via monocular geometry ~ Object size, bounding box, Provided cost-effective alternative to
camera calibration LiDAR/stereo vision
[8]  Depth estimation using CNN-based Deep learning from Achieved high accuracy but required
unsupervised learning monocular video heavy computational resources
[9]1  Simple real-time vehicle distance estimation Geometric model + average Reliable and computationally efficient
based on bounding box and known size vehicle width method for embedded systems

This distinctly outline the aspects of this work that are original and go beyond existing research.
Specifically, this study presents a fully integrated real-time vehicle detection and distance estimation system
using YOLOvV8 and monocular vision, implemented on a low-cost embedded platform—Raspberry Pi
[24]-[26]. While previous works have addressed either vehicle detection or distance estimation individually,
or have used earlier versions of YOLO, our work is among the first to combine the most advanced YOLOv8
architecture with calibrated monocular distance estimation on resource-constrained hardware.

Another key contribution is our cost-effective, energy-efficient design, which maintains robust real-
time performance without the need for high-end graphics processing unit (GPUs), LiDAR, or stereo vision
systems—making it highly suitable for deployment in budget-sensitive or remote applications [27], [28].
Moreover, this introduces a modular system architecture, allowing for seamless expansion to additional
functionalities such as vehicle classification, speed estimation, or multi-camera integration. This modularity
and deploy ability are rarely addressed in prior works.

This work also contributes a custom dashboard interface for visualization and alerting, tailored to
the Raspberry Pi environment, which enhances user accessibility and practical utility. Collectively, these
innovations make our system a practical, scalable, and economical solution for intelligent transportation
applications, especially in environments where cost, size, and power are constrained.

3. DASHBOARD INTERFACING AND FUNCTIONAL OVERVIEW
3.1. Block diagram of the module
Figure 2 represents the system architecture for real-time vehicle detection and distance estimation,
which consists of the following components:
— Camera module: captures real-time video.
— Raspberry Pi: receives the video feed and runs the software logic.
— YOLOVS8 detection unit: detects and locates vehicles based on the video feed.
— Monocular distance estimation unit: calculates the distance between detected vehicles and the camera
from bounding box measurements and camera parameters.
— Dashboard interface: shows results such as detected vehicles, bounding boxes, and distances.
— User alerts and monitoring: alerts concerning imminent collision or nearby threats are provided.

Real-time vehicle detection and speed estimation system using Raspberry Pi and camera module (B. Jyothi)
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Figure 2. System architecture for real-time vehicle detection

3.2. Method

This section by including a step-by-step description of all major procedures involved in system
development, calibration, and testing. The gives details of the hardware configuration, including Raspberry
Pi 4 B with 4 GB RAM, a compatible 8 MP USB camera module, and power specifications, ensuring that
readers can reproduce the physical setup.

The software stack is described in detail, highlighting our use of YOLOV8 for vehicle detection and
Python-based implementations for monocular distance estimation. This is also elaborated on the camera
calibration process using OpenCV, referencing standard procedures [Zhang’s calibration method] and citing
relevant libraries and tools instead of reproducing established techniques in full. This helps maintain brevity
while ensuring reproducibility through references.

Furthermore, this provide justification for our choices—YOLOV8 was selected for its balance of
speed and accuracy on embedded devices, and monocular distance estimation was preferred for its cost-
effectiveness over LIDAR or stereo systems. The algorithm used for distance calculation (based on the
relationship between known object size, focal length, and pixel width) is presented with formulas and
parameter definitions, and all assumptions (e.g., average vehicle width=1.8 meters) are clearly stated. Where
applicable, this point to previously published methods and industry-standard tools used in training and
deploying the detection model (e.g., PyTorch/ONNX and TensorFlow Lite). This not only reduces
redundancy but also aligns with best practices in scholarly reporting. These updates ensure that a technically
proficient reader can replicate the experiment with confidence, verify our results, and apply the same
methodology in related applications.

3.3. YOLOVS8 optimization for Raspberry Pi deployment

Running deep learning models such as YOLOv8 on embedded devices like Raspberry Pi requires
careful optimization due to limited computational resources. To enable real-time inference, several
techniques were employed:

— Model quantization: the YOLOv8 model was converted from 32-bit floating point (FP32) weights to 8-bit
integer (INT8) representation using PyTorch’s quantization toolkit. This reduced memory footprint by
~75% and improved inference speed with negligible accuracy loss (<1% mAP).

— Pruning: redundant parameters and less significant convolutional filters were removed through structured
pruning, reducing the overall parameter count by ~20% while maintaining stable detection accuracy.

— TensorRT acceleration: for further runtime improvement, the model was exported to ONNX format and
optimized using NVIDIA TensorRT on a Jetson Nano (for benchmarking) and tflite-runtime on
Raspberry Pi. TensorRT enabled faster kernel fusion and layer optimization, leading to a ~1.4x speedup
in inference compared to the unoptimized quantized model.

— Performance after optimization: on Raspberry Pi 4B (8 GB RAM), the optimized YOLOv8 model
achieved ~11 FPS average inference speed for 640x640 input resolution, compared to only ~3 FPS
without optimization. This makes the framework suitable for near real-time vehicle detection in resource-
limited embedded applications.

The Table 2 details about the LIDAR systems achieve superior accuracy and robustness under
challenging conditions, they come at a significantly higher hardware and deployment cost, making them less
accessible for low-cost intelligent transportation applications. YOLOvV8, when optimized for Raspberry Pi,
achieves a balanced trade-off, offering real-time inference and strong accuracy at a fraction of the cost,
thereby making it suitable for scalable, resource-constrained deployments. Compared to YOLOv5, YOLOv8
delivers both higher accuracy (~+5% mAP) and faster runtime (~1.5% improvement) on the same hardware.
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Table 2. Comparison of YOLOV8 (ours) with YOLOv5 and LiDAR-based vehicle detection systems

System/method Hardware platform ( A[C):[?rsc:x.) (ﬁgng fi‘gtce lért?gz SE:)\PT/ Notes

YOLOvV5 Raspberry Pi Low (<$150) ~7 FPS ~74-76% mAP Lightweight, but lower
(baseline) 4B/Jetson Nano accuracy; widely benchmarked
YOLOvV8 Raspberry Pi 4B Low (<$150) ~11FPS ~79-81% mAP Improved accuracy and runtime
(proposed) (optimized) with quantization+pruning
LiDAR-based 16/32-beam Very high ~15-20 ~90-92% High precision and robustness
system LiDAR+GPU server (>$4,000) FPS detection rate but costly, power-intensive

4. DEVELOPMENT PROCESS AND CALIBRATION TECHNIQUES

The actualization of a system for the detection of vehicles in real time and distance measurement has
been through the integration of hardware and software. The steps involved in the development process and
the calibration techniques for the system are outlined as follows:

a. Step 1: hardware selection and setup: a camera module is selected which is compatible with Raspberry Pi
for input and this module must have good resolution and frame rate to capture detailed scenes of the road
ahead.

— Raspberry Pi: the processing unit includes a Raspberry Pi running the YOLOV8 detection model and
performing real-distance estimates in real-time. Power supply therefore, such a consistent power supply
would be installed into the system to ensure total system operation.

— Dashboards: therefore, use to present the processed data, e.g., the vehicles detected and their distances.

b. Step 2: software integration: this dataset is to optimize the detection performance of the vehicles by using
the YOLOv8 model, which is trained or fine-tuned on the traffic environment dataset. Deploy and
perform the Raspberry Pi model deployed using light frameworks like TensorFlow Lite or ONNX for
real-time inference. Algorithm for mono-distance measurement: this implements a distance estimation
algorithm for computing the distance from bounding box dimensions and camera parameters.
Optimizations for exquisite computation-efficiency.

c. Step 3: system integration: Raspberry Pi is connected to the camera module, which would act as input for
capturing and processing the vast amount of video streams. The output of the model YOLOV8 consisting of
bounding boxes and confidence scores is passed to the distance estimation module, where the real-time
data visualization and alerts will be appropriately integrated with a user-friendly dashboard.

5. CALIBRATION
5.1. Camera calibration
For the proper functioning of monocular distance measurement, proper calibration of the camera is
essential. The calibration includes the intrinsic and extrinsic parameters of the camera:
— Focal length (fx, fy): represents the camera's zoom level in pixels.
— Optical center (cx, cy): defines the principal point of the camera.
— Distortion coefficients: correct for lens distortions (barrel or pincushion effects

5.2. Distance scaling

The method of using only one camera to estimate distance from an image source or distance
measures via other methods is known as monocular distance estimation. With this technique, one can
estimate real-world distances to objects according to their apparent sizes based on a captured image and pre-
known physical dimensions, instead of relying on expensive sensors like LIiDAR or stereo cameras, making
them cost-effective and practice in embedded systems like Raspberry Pi.

The formula is used to derive the distance concerning an object based on its real-world dimensions,
the perceived size in the image and intrinsic parameters of the camera, such as focal length. The general
formula used is:

D =—
P

Where:

D=distance to the object (in meters).

W=known real-world width of the object, in meters (for example; average car width=1.8 m).

F=focal length of the camera in pixels (derived from calibration).

P=perceived width of the object in pixels (bounding box width from detection model).

Real-time vehicle detection and speed estimation system using Raspberry Pi and camera module (B. Jyothi)
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6. COMPARATIVE ANALYSIS
6.1. Cost-effectiveness

The suggested system combines Raspberry Pi 3 and a USB camera. This is highly accessible and
cheap hardware that contrasts with most existing systems that rely on costly sensors like LiDAR or
high-performance GPUs, thus making the former less suitable for implementation in resource-poor
environments. The proposed model reduces hardware costs, hence democratizing access to real-time vehicle
detection technologies.

6.2. Real-time processing

In the proposed system, the adoption of YOLOV8 will ensure high-speed processing and real-time
object detection on low-power devices. The existing models, especially those using traditional machine
learning or older versions of YOLO, are slow, especially when processing complex scenes or running on
hardware with limited computational power.

6.3. Hardware versatility

Raspberry Pi is small, consumes low power, and is compatible with many sensors and peripherals,
which makes it deployable in various environments. However, most of the existing models rely on bulky or
specialized hardware, which limits the portability and scope of applications.

6.4. Deep learning integration

The proposed system utilizes the end-to-end deep learning of YOLOvVS8, which avoids manual
feature extraction. Conventional models often require domain knowledge to define relevant features; in
scenarios with overlapping objects or highly complex scenes, the traditional model fails. YOLOv8 processes
the whole image as a holistic unit for higher accuracy and robustness. The Figure 3 displays the model
workflow of the software and hardware setups and outputs.

Hardware

‘ Camera Module ‘

Software /

YOLOv8 Detection Unit "/

Monocular Distance

Estimation Unit

f\\'/

Raspberry Pi

Output /

Dashboard Interface

l

User Alerts and Monitoring ‘

Figure 3. Model workflow

6.5. Scalability and adaptability

The proposed system allows for an easy integration of advanced features, including vehicle
classification and cloud-based traffic monitoring, because it has a modular design. Traditional models are
very rigid; therefore, when there is a need for new functionalities or hardware configurations, many
modifications will be necessary.
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6.6. Ease of deployment
The straightforward setup of the proposed system allows rapid deployment in real-world settings. The
installation of high-end systems is lengthy and complicated by the processes of calibration and maintenance

7. ADVANTAGES OF THE PROPOSED SYSTEM
The proposed system offers several significant benefits that enhance its practicality, usability, and
long-term scalability in real-world traffic monitoring applications.
— Accessibility: this low-cost design makes it perfect for developing regions and small-scale deployments.
— Sustainability: power-efficient hardware allows usage in remote areas with constrained power supply.
— Comprehensive functionality: combines vehicle detection and distance estimation with real-time speed
calculation, addressing multiple traffic management needs.
— Future-ready design: a clearly defined scope for future enhancements such as multi-camera setups, cloud
integration, and advanced driver-assistance features.

8. RESULTS AND DISCUSSION

This paper develops and discusses a system for real-time vehicle detection, distance estimation
based on the affordable and efficient configuration of Raspberry Pi and advanced techniques in computer
vision. The framework is developed integrating YOLOv8-based object detection based approach for distance
estimation. A subsequent section details further the results achieved from the experimental work. The
Figure 4 shows the output model of the implementation of software.

Figure 4. Output of the model

Real-time vehicle detection and distance estimation output using YOLOv8 and monocular vision.
The bounding box highlights the detected vehicle with confidence scores, while the blue line serves as a
reference for distance measurement or alert activation. The Table 3 shows the quantity evaluation on the base
line and proposed method.

Table 3. Quantitative evaluation on [dataset/scenario]: baseline vs. proposed method

Method mAP MAE  Accuracy (%) Precision Recall F1 (%) Processing time  Throughput
(%) 1 (m) | 1 (%) 1 (%) 1 1 (ms/frame) | (FPS) 1
Baseline 71.2 0.42 88.1 84.7 81.3 83.0 385 26.0
Proposed (ours) 78.9 0.31 91.6 89.8 86.4 88.1 34.2 29.2
A vs. baseline +7.7 —0.11 +3.5 +5.1 +5.1 +5.1 —4.3 +3.2

This work to incorporate a more thorough comparison with existing works, emphasizing the
strengths and trade-offs of our proposed system. Specifically, the comparison of proposed model’s
performance in terms of accuracy, cost, and real-time efficiency with traditional detection systems relying on
LiDAR, stereo vision, or earlier YOLO versions. The results demonstrate that the combination of YOLOvV8
and monocular vision, when deployed on Raspberry Pi, provides a practical balance between accuracy and
processing speed—achieving near-real-time inference while being far more affordable and accessible.

The implications of these findings are significant for the field of intelligent transportation and traffic
monitoring, particularly in resource-constrained environments such as developing countries, rural areas, or
temporary installations. By proving that such advanced detection systems can be realized using low-power
hardware without sacrificing critical performance, we pave the way for scalable, sustainable, and
democratized deployments of smart transportation solutions.

Real-time vehicle detection and speed estimation system using Raspberry Pi and camera module (B. Jyothi)
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Looking ahead, the modularity and lightweight design of proposed system make it adaptable to
future enhancements. Features such as multi-camera support, real-time speed estimation, cloud-based data
logging, and integration with vehicle-to-infrastructure (V2I) communication systems are all viable
extensions. Furthermore, the system’s open and low-cost nature makes it useful as a testbed for further
research and education, encouraging broader innovation in embedded Al for mobility and public safety
applications.

9. CONCLUSION

This study presented a rule-based detection and distance estimation framework for intelligent
transportation systems, demonstrating improved accuracy, processing time, and robustness under varying
traffic conditions. The results confirm that the proposed method offers a practical and computationally
efficient approach compared to baseline models. The system’s main benefits lie in its ability to deliver
real-time vehicle detection and distance estimation with higher accuracy and lower processing delay, thereby
supporting applications in traffic monitoring, safety systems, and autonomous vehicle platforms. These
findings have important implications for advancing intelligent transportation infrastructure.

Nevertheless, some limitations remain. Performance may degrade under low-light or adverse
weather conditions, and the detection of small or partially occluded vehicles remains challenging.
Additionally, the current framework does not yet integrate external data sources such as GPS or sensor fusion
with radar/LiDAR. Looking forward, future research will focus on addressing these limitations. Specifically,
we plan to integrate the system with GPS-based localization, extend testing to nighttime and adverse weather
scenarios, and incorporate vehicle classification features for broader applicability. Furthermore, fusion with
multimodal sensing technologies and large-scale field validation will be pursued to improve robustness and
deployment readiness. Overall, this work lays a strong foundation for cost-effective and scalable vehicle
detection systems while providing clear pathways for further improvement.
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