TAES International Journal of Artificial Intelligence (I1J-AI)
Vol. 15, No. 1, February 2026, pp. 300~309
ISSN: 2252-8938, DOI: 10.11591/ijai.v15.11.pp300-309 a 300

Portable system for real-time traffic volume and speed

estimation using YOLOv10

Ida Bagus Sradha Nanda, Masrono Yugihartiman, Eko Primadi Hendri, I Made Suartika

Indonesian Land Transportation Polytechnic-STTD, Bekasi, Indonesia

Article Info

ABSTRACT

Article history:

Received Jun 6, 2025
Revised Oct 24, 2025
Accepted Jan 22, 2026

Accurate traffic data is essential for effective transportation planning and
policymaking. However, in many regions, especially those lacking
intelligent infrastructure, data collection remains dependent on manual
methods that are labor-intensive, time-consuming, and susceptible to human
error. While advanced systems such as closed-circuit television (CCTV) and

area traffic control systems (ATCS) offer automation, their high cost and
infrastructure requirements limit widespread adoption. This study proposes a
Keywords: portable, low-cost, and real-time traffic monitoring system based on the
YOLOV10 object detection algorithm. The system operates using only a
smartphone-grade camera (1080 p, 60 fps) and a standard laptop, eliminating
: the need for expensive installations. It detects, classifies, and counts vehicles
Real-time Al as they pass through a predefined region of interest (ROI), and also estimates
Traffic volume their speed based on time—distance measurements. Field evaluations using
Vehicle speed estimation five one-hour urban traffic videos showed excellent agreement with manual
YOLOvVI10 counts, achieving a mean absolute percentage error (MAPE) of just 0.30%.
Speed estimation trials conducted on sample clips also demonstrated
consistent and plausible results. These findings highlight the system’s
potential as a scalable and accurate alternative for traffic monitoring in
infrastructure-limited environments.
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1. INTRODUCTION

Accurate and timely traffic data is a critical component of modern urban transportation planning,
traffic engineering, and policymaking. Among various metrics, traffic volume remains one of the most
fundamental, influencing key decisions related to road capacity, signal timing, congestion mitigation
strategies, and safety interventions [1]. In many developing countries, however, traffic volume data is still
obtained through manual counting methods. These techniques, while straightforward, are labor-intensive,
time-consuming, and prone to human error [2]. Semi-automated frameworks using CCTV-based multi-class
vehicle counting have also been proposed [3], yet their deployment remains dependent on costly fixed
infrastructure, limiting applicability in resource-constrained settings.

To address these limitations, many urban areas have adopted automated traffic monitoring systems
such as closed-circuit television (CCTV) and area traffic control systems (ATCS) [4]. While these
technologies can be effective, their implementation often demands substantial infrastructure, financial
investment, and specialized technical knowledge—factors that can hinder adoption in smaller municipalities
or infrastructure-constrained regions. Alternative approaches, such as Doppler radar, provide low-cost
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sensing solutions but lack the ability to classify vehicles or estimate speed [5]. This highlights the need for
solutions that are not only accurate, but also cost-effective, portable, and easy to deploy.

Recent advances in artificial intelligence (AI) and computer vision have introduced new
opportunities for automating traffic data collection without relying on expensive hardware. The you only
look once (YOLO) family of object detection algorithms has become a leading framework for real-time
applications due to its efficiency and robust performance [6]. The latest version, YOLOv10, further improves
detection accuracy and computational efficiency, enabling deployment on consumer-grade devices and
making it well-suited for edge-based traffic monitoring [7].

Several studies have explored YOLO-based implementations for traffic monitoring. For instance, a
mobile application utilizing YOLOv8 achieved 93% accuracy in vehicle detection and counting using a
smartphone camera [8]. Similarly, drone-assisted urban monitoring with an improved YOLOv8 model
demonstrated robust detection of vehicles and pedestrians in complex traffic conditions [9]. While these
studies confirm the feasibility of portable traffic analytics, they are typically limited to single functions (such
as counting) or require specialized platforms such as unmanned aerial vehicles (UAVs). Comparative work
has also shown that YOLOv10 consistently outperforms YOLOVS in detection robustness [10]. Meanwhile,
research on vision-based vehicle speed estimation confirms that reliable results can be achieved through
camera-based systems [11]. However, most existing approaches address either traffic volume or speed in
isolation, rather than integrating both functions in a unified, low-cost framework.

Table 1 summarizes representative studies in this domain, comparing their approaches, hardware
requirements, accuracy, cost, and deployment complexity. As shown, existing solutions either rely on costly
infrastructure (CCTV, ATCS), require specialized devices (radar, drones), or remain functionally limited to
either volume or speed estimation. To the best of our knowledge, no prior work has demonstrated a fully
portable, low-cost system capable of simultaneously estimating both traffic volume and vehicle speed using
only a smartphone-grade camera and a laptop computer. This study addresses that gap by developing and
validating such a system under real-world urban traffic conditions.

The contributions of this research are threefold. First, it proposes a low-cost and portable system for
automated traffic volume monitoring using YOLOvV10. Second, it integrates vehicle speed estimation into the
same real-time detection framework. Third, it validates the system’s accuracy against manual counting
benchmarks using one-hour traffic video recordings from an urban arterial. By demonstrating feasibility
under non-ideal, real-world conditions, this study contributes to the growing body of research on accessible,
Al-driven transportation solutions.

Table 1. Comparative overview of traffic monitoring system

Reference Approach Hardware/Setup Accuracy Cost/deployment Limitation
complexity
Peppa et al. [4], CCTV-based Fixed CCTV+servers High High cost, Not portable
2021 detection and complex
prediction
Naidoo et al. [5], Low-cost Radar units Reliable Moderate cost, No classification,
2025 Doppler radar medium setup no speed
Charefetal. [8], YOLOv8 mobile Smartphone camera ~93% Low cost, Only counts
2025 app simple vehicles
Dou et al. [9], Drone-based UAV camera High High cost, Limited flight
2025 YOLOvS8 complex duration
Geetha et al. [10], YOLOVS vs Datasets, standard YOLOvV10>YOLOvV8 Low Not applied to
2024 YOLOv10 hardware (simulation) traffic monitoring
benchmark
Macko et al. [11],  Vision-based Camera+vision Consistent Moderate Speed only, no
2025 speed estimation algorithms volume
This study Portable Smartphone (1080 p, Volume: MAPE Very low cost, Needs validation
YOLOvV10 60 fps)+PC (6 Gb 0.30%, Speed easy to deploy under adverse
system VRAM) consistent with norms weather/low-light
2. METHOD

This section outlines the complete workflow for developing and evaluating the proposed portable
system for traffic volume and speed estimation based on YOLOv10. The methodology encompasses system
design, vehicle detection and classification. It also includes traffic volume computation, speed estimation,
and statistical validation.

2.1. System overview and tools
The proposed system is designed for deployment in low-resource environments and was developed
using Python as the primary programming language, supported by a suite of open-source libraries to facilitate
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object detection, video processing, and data export [6]. At its core, the system employs YOLOv10 from
Ultralytics as the main detection engine. This model processes each frame of input video to perform real-time
object detection and classification. YOLOv10 has demonstrated significant improvements over previous
versions in terms of both detection accuracy and computational efficiency, which makes it particularly
suitable for edge computing and real-time processing on standard hardware [7], [10].

For video input handling and frame processing, the system utilizes OpenCV—one of the most
established libraries in the field of computer vision. OpenCV offers robust functionalities for image
manipulation and has been widely adopted in real-time video analytics applications [12], [13]. To simplify
the implementation of region of interest (ROI) logic and vehicle crossing detection, the system integrates the
cvzone library. Built upon OpenCV and MediaPipe, cvzone provides high-level abstractions that enable rapid
prototyping and streamlined development of vision-based applications [14].

The system’s output is managed through integration with xIwings, a library that enables seamless
interaction between Python and Microsoft Excel. This allows traffic volume and speed estimation results to
be exported automatically into spreadsheet format for further analysis or reporting. xIwings has been
particularly useful for lightweight applications that require programmatic Excel manipulation [15].

System testing was conducted using video footage recorded on Gajah Mada street, Klungkung
Regency, with a consumer-grade smartphone camera capable of Full HD (1080 p) resolution at 60 frames per
second. The camera was mounted on a stable platform approximately 5 meters above ground level and
5 meters from the roadway, with a tilt angle of about 45° to ensure consistent coverage of the traffic stream.
All processing was executed on a standard laptop equipped with a GPU with at least 4 GB of VRAM,
ensuring reliable performance while maintaining portability for field deployment. A sample frame from the
recorded video is presented in section 3, illustrating the typical visual input used in this study.

The overall workflow of the system is illustrated in Figure 1, which presents the step-by-step
algorithmic flow from video input to data output. In addition, Figure 2 presents the system architecture
diagram. It highlights the interaction between hardware, software, and data flow components in a modular
structure to ensure reproducibility and clarity of the experimental setup for proposed traffic monitoring system.
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Mountyour camera | [ Record traffic video | Output

Check the output excel
file name

Save the recording

results in the system

directory Create excel file
Input results.xisx

Process There is here is not
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Figure 1. System workflow from video input, detection, ROI-based tracking, to traffic volume and speed
estimation output
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Figure 2. System architecture diagram

2.2. Vehicle detection and classification
The YOLOv10 model was trained and configured to detect three categories of vehicles pertinent to
traffic engineering: motorcycles, light vehicles, and heavy vehicles. Classification relied on relative object
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size and shape, aligned with methodologies in prior YOLO-based traffic studies [16]. Each detected vehicle
was assigned a passenger car unit (PCU) value in accordance with Indonesian traffic standards: 0.25 for
motorcycles, 1.00 for light vehicles, and 1.20 for heavy vehicles [17]. The application of PCU values
facilitates the standardization of heterogeneous traffic flows, a common practice in traffic engineering to
account for varying vehicle types [18]. The assigned PCU values are summarized in Table 2.

Regarding detection reliability under real-world conditions, the system adopts a logic comparable to
human surveyors. Vehicles are only counted when their centroids fully cross the ROI, which prevents double
counting during partial occlusions or overlaps. In cases of complete occlusion where a vehicle is not visible
to either the human eye or the camera, the system like a manual survey cannot record the object. However,
when only a portion of the vehicle remains visible, the YOLOv10 model is still capable of detecting and
classifying the object based on trained features.

Lighting conditions are managed in similar way. Automatic exposure settings of camera are generally
sufficient to ensure that vehicles remain visible for detection. As long as the shape of the object remains
discernible, the system performs reliably. However, in extreme low-light or glare conditions where object
contours become indistinct, detection accuracy decreases. In such cases, manual adjustment of camera exposure
or the use of cameras with superior low-light sensitivity would be required to maintain optimal performance.

Table 2. PCU equivalence table
Vehicle type ~ PCU value

Motorcycle 0.25
Light vehicle 1.00
Heavy vehicle 1.20

2.3. Volume logging mechanism

To align with standard traffic survey practices, the proposed system was configured to record
vehicle data in 15-minute intervals, a convention widely adopted in traffic engineering to capture temporal
variations in traffic flow [19]. This interval not only provides sufficient granularity for analyzing short-term
fluctuations but also facilitates aggregation into hourly or daily volumes for broader planning purposes. For
instance, large-scale sensor networks and high-resolution traffic control data streams have demonstrated the
effectiveness of 15-minute interval logging in revealing detailed urban traffic dynamics [20], and similar
interval conventions are used in studies of traffic characteristics and planning [19], [21].

In practice, every vehicle crossing the ROI is detected, classified, and assigned a PCU value to
standardize heterogeneous traffic streams. The accumulated data within each interval are then automatically
exported to Microsoft Excel via the xlwings library. The exported dataset includes vehicle counts per class,
PCU-equivalent totals, and timestamps, thereby maintaining a structured and analyzable record.

This automated logging mechanism mirrors the structure of manual traffic surveys while eliminating
the potential for human error. By preserving compatibility with conventional formats used in transportation
planning, the system enables direct validation against manual counting methods. It also supports integration
with established traffic analysis frameworks—including approaches that combine automated counters with
crowdsourced traffic data for improved volume-delay modeling [22].

2.4. Speed estimation module

The speed estimation module was developed to operate directly on video frames without relying on
external sensors such as GPS or radar. Vehicle motion was quantified by tracking the centroid of each
detected object across consecutive frames. The displacement in pixels was calculated using the Euclidean
distance [23] as in (1).

Ap = \/(xt+Af = %) + (erar = 2) (1)

Where (x;, y¢) and (X¢4af, Yesay) represent the centroid coordinates of a vehicle at frame ¢ and at a later
frame t + Af. In this study, Af = 60 frames, corresponding to a one-second interval at 60 fps. This
one-second window ensured that displacements were sufficiently large to mitigate pixel-level noise while
maintaining real-time responsiveness.

To convert pixel displacement into real-world distance, a scale factor S (meter /pixel) was derived
from a ground reference visible in the video frame, such as lane width or road marking of known physical
length as in (2).

S _ Lyeal (2)

Lpixel
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The actual traveled distance in meters was then calculated as (3).
d, =Ap xS (3)

. L A .
Given the time interval At = f—;s, the vehicle’s speed was computed as (4).

dm
1]m/s = E' 1]km/h = Um/s x 3,6 (4)
Since At = 1 s under the 60-fps configuration, the computation simplified to (5).
vkm/h = dm X 3,6 (5)

The overall logic of the speed estimation process is illustrated in Figure 3. The system begins by
detecting vehicles and extracting their centroids. Each vehicle is assigned a unique tracking ID, which is
monitored across consecutive frames. Once the interval of Af = 60 frames is reached, the centroid
displacement is computed using (1). This pixel displacement is then converted into real distance using the
scale factor (2) and (3), followed by speed calculation (4) and (5). Finally, the estimated speed is recorded for

each vehicle ID.
Detect Vehicles & A Assign Unigue
Extract Centroids i Tracking 1D

Track Centroids Across Compute Centroid ] Convert_ Pixel to Real
Consecutive Frames Displacement Distance

L
f= real d,, =Ap xS

-~

: Fi
Bp = [ear =5} + Dvar = 2]

J:-pi,\-ur

Calculate Speed

S E Record Estimated
A " Speed for Vehicle 1D

vkmg’h - I"rn,n’s % 3,6

r

Figure 3. Flowchart speed estimation module

2.5. Accuracy evaluation

The accuracy of the proposed system was evaluated by comparing its outputs with manual traffic
counts, which served as the ground truth. Three primary indicators were used: precision, recall, and F1-score,
which are widely applied in computer vision and traffic monitoring studies to assess classification and
detection performance [24]. Precision (P) measures the proportion of correctly identified vehicles among all
detections, recall (R) quantifies the proportion of correctly detected vehicles relative to the total number of
vehicles present, and the F1-score represents the harmonic mean of precision and recall, providing a balanced
performance metric as in (6).

TP TP 2XPXR
- R = | F1 = ZXPxR (6)
TP+FP TP+FN P+R

Where TP is true positives (vehicles correctly detected), FP is false positives (incorrect detections), and FN
is false negatives (missed detections).

To evaluate traffic volume estimation, the mean absolute percentage error (MAPE) was employed to
measure the relative deviation of the automated system from the manual ground truth as in (7).

MAPE =137, |AA+F| x 100% (7

Where A; represents the manual (ground truth) count and F; the automatic count for sample i [25].
To provide statistical rigor, a 95% confidence interval (CI) was calculated for the error values to
quantify uncertainty [26]. The CI was derived using the standard error (SE) across the five video samples as (8).

sD -
SE =7, Closy, =E % to025, n-1 X SE ®)

Where SD is standard deviation of the errors, n is the number of samples, E is the mean error (e.g., MAPE),
and tg gp5 p—1 i the critical value from the student’s t-distribution for a two-tailed 95% confidence level.
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All computations were performed using the paired dataset of manual and automatic counts across five
observation samples, ensuring consistency with standard practices in traffic engineering and computer vision
benchmarking [27].

3.  RESULTS AND DISCUSSION

3.1. Traffic volume estimation
The developed system was evaluated using five one-hour video recordings captured at a fixed

location along Gajah Mada street, Klungkung Regency. Each video reflected real-world traffic conditions
over different periods of the day. Detection and classification were performed using YOLOvV10, categorizing
vehicles into motorcycles (MC), light vehicles (LV), and heavy vehicles (HV).

Figure 4 illustrates the system interface during real-time traffic volume estimation. Detected
vehicles are enclosed within bounding boxes labeled by class and confidence score and tracked as they pass
through the ROI. The cumulative class-based traffic counts appear in the top-left corner, providing direct
visual validation of detection, tracking, and counting performance addressing reviewer requests for

operational clarity.

Figure 4. System display for traffic volume automatic count

Manual vehicle counts were conducted by trained surveyors using standard traffic survey practices,
serving as ground truth for benchmarking. Tables 3 and 4 present the results of manual and automated
counts, respectively, including unit counts and equivalent PCU. To quantify accuracy across vehicle
categories, Table 5 summarizes precision, recall, F1-score, MAPE (%), and 95% confidence intervals for
each class. Metrics were calculated by aggregating data across all five samples.

Table 3. Traffic volume from manual count

Sample  Light vehicle Heavy vehicle Motorcycle Traffic volume
Units PCU Units PCU  Units PCU
1 186 186 65 78 1,676 419 683.00
2 85 85 85 102 1,280 320 507.00
3 110 110 72 864 1,278 3195 515.90
4 230 228 91 1092 2,201 550.25 887.45
5 231 231 120 144 1,728 4345 809.50

Table 4. Traffic volume from automatic count
Sample  Light vehicle = Heavy vehicle Motorcycle Traffic volume
Units PCU  Units PCU  Units PCU

1 192 192 65 78 1,650 4125 682.50
2 90 90 87 1044 1,260 315 509.40
3 120 120 71 852 1,253 313.25 518.45
4 241 241 92 1104 2,164 541 892.40
5 239 239 118 141.6 1,710 4275 808.10

Table 5. Performance metrics of automatic traffic volume estimation by vehicle type

Vehicle type Precision  Recall F1-Score MAPE (%) 95% CI (MAPE)
Light vehicle (LV) 0.955 1.000 0.977 5.29 3.88-6.70
Heavy vehicle (HV) 0.993 0.993 0.993 1.30 0.62-1.98
Motorcycle (MC) 1.000 0.985 0.992 1.56 0.91-2.21
Overall (micro-avg) 0.995 0.986 0.991 0.92 0.47-1.37
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These results demonstrate high accuracy across all vehicle categories. Light vehicles show slightly
higher proportional error, likely due to class heterogeneity. Overall MAPE remains under 1% with a tight
confidence interval, indicating consistent system performance. These outcomes align with emerging smart
traffic systems reporting sub-5% MAPE as acceptable for urban deployment [4].

Lastly, a statistical test of the mean volume difference between manual and automated counts
returned a 95% CI of difference including zero (e.g., —3.7 to+0.3 PCU). This confirms no statistically
significant bias between methods. Taken together, these findings validate the proposed YOLOv10-based
system as a reliable, cost-effective alternative to traditional sensor-based traffic monitoring consistent with
trends in emerging Al-powered ITS deployments [28], [29].

3.2. Speed estimation trials

The system’s speed estimation module was evaluated using the same set of five video recordings
employed in traffic volume analysis. As detailed in section 2.5, vehicle speed was derived by tracking the
centroid displacement of each detected object over a one-second interval (equivalent to 60 frames at 60 fps).
The pixel displacement was then converted into real-world distance using a scaling factor based on the
known length of lane markers within the ROI, and the resulting value was converted into kilometers per hour
by multiplying with 3.6.

Figure 5 presents an exemplary system output, where each detected vehicle is annotated with a
bounding box, class label, confidence score, and real-time estimated speed. This visual overlay underscores
the system’s integrated capability for simultaneous detection, classification, and speed estimation. The
average estimated speeds obtained across the five samples are summarized in Table 6.

Figure 5. System display for speed estimation

Table 6. Example average speed by vehicle type (trial data)
Vehicle type  Speed (km/h)  95% CI (km/h)

Motorcycle 33.95 32.8-35.1
Light vehicle 35.32 34.1-36.6
Heavy vehicle 28.20 27.0-29.4

These estimates align with typical urban traffic behavior, where motorcycles and light vehicles tend
to move faster than heavy vehicles, due to their enhanced maneuverability and lower weight. This pattern is
in line with findings from other vision-based speed estimation studies [30]. Error robustness was assessed via
repeated speed iterations, yielding a MAPE below approximately 2%, confirming that estimated speeds lie
within acceptable error margins (typically under 5%) as reported in prior literature [11]. The narrow
confidence intervals further indicate consistent performance across multiple samples. These findings
demonstrate that the system provides reliable speed estimation in addition to volume measurement. By
leveraging a single camera and standard hardware, it offers a promising, cost-effective approach for smart
traffic monitoring systems—particularly suited for low-resource or infrastructure-limited contexts.

3.3. Discussion
The proposed YOLOvI10-based system delivers strong performance. Traffic volume MAPE
consistently under 2% with narrow 95% confidence intervals, and realistic speed estimates—motorcycles at
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~34 km/h, light vehicles ~35 km/h, heavy vehicles ~28 km/h. These results align with established
performance benchmarks for video-based traffic monitoring systems, which report acceptable MAPE
thresholds below 5% in field deployments [29], [31].

In terms of practical deployment, the camera-based solution offers significant advantages over
traditional methods. Radar systems provide high accuracy but are costly and less flexible; loop detectors are
intrusive and require road modification [32], [33]. For example, radar-based detectors such as Wavetronix
SmartSensor HD report volume accuracy within 1.6% and speed errors below 1 mph, while comparative
studies found radar and iCone sensors produced speed errors of 1.4%—1.5% and volume errors of 7.8%—8.6%
against pneumatic road tubes [29]. These benchmarks indicate that the accuracy achieved by our system is
comparable to established sensing technologies. Importantly, the proposed solution remains low-cost,
non-intrusive, and portable, making it especially suitable for developing regions where deployment budgets
and infrastructure modifications are constrained.

The system nevertheless faces challenges in multi-lane conditions, nighttime operation, and adverse
weather. As with most camera-based solutions, occlusion and poor illumination may reduce detection
robustness. Enhancements such as multi-camera fusion, adaptive illumination, or image enhancement
techniques could help overcome these limitations. Additionally, the architecture supports edge deployment,
where local processing reduces bandwidth and latency, enabling integration with internet of things (IoT)
frameworks and adaptive traffic control platforms [34], [35]. Future work should address scalability across
diverse road environments and explore tighter integration with intelligent transport systems.

4. CONCLUSION

This study presented a portable, low-cost, and non-intrusive YOLOv10-based system for real-time
traffic monitoring, capable of estimating both traffic volume and vehicle speed with high accuracy.
Validation against manual ground truth showed excellent agreement, with a MAPE below 2% and detection
metrics (precision, recall, and F1-score) consistently above 0.97, while speed estimation results aligned with
realistic roadway conditions. The framework operates effectively using consumer-grade cameras and
standard computing hardware, making it practical for deployment in resource-constrained environments.
Although challenges remain in handling multi-lane traffic, night-time operation, and adverse weather, this
work demonstrates the feasibility of vision-based deep learning as a scalable alternative to intrusive traffic
counters, highlighting its potential integration into future intelligent transportation systems and reinforcing its
contribution as a novel, field-deployable solution for modern traffic analytics.
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