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Abstract. This research presents the development of an efficient and accurate
traffic count device for the Department of Highways (DOH). Its objective is to
reduce the burden of traditional traffic volume surveys, requiring staff to count
ecach vehicle manually. The developed device utilizes video cameras in
conjunction with image processing analysis to detect, count, and classify up to
13 types of vehicles. Image processing techniques enable accurate and rapid
analysis of video footage, allowing for diverse vehicle classification according to
the DOH’s standards. Test results demonstrate that this device exhibits high
accuracy and can operate in various environments. The algorithm for counting
vehicles using the developed model has a Weighted Mean Absolute Percentage
Error (Weighted MAPE) of 15.95%. Implementing this device will enable the
DOH to collect traffic volume data more quickly and efficiently, leading to
improved traffic planning and management. Furthermore, DOH can utilize the
device and developed model to expand the traffic count on highways nationwide
annually.
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1 Background

The Department of Highways (DOH) is responsible for 52,000 kilometers of highways,
covering the entire highway network in Thailand. One of the primary missions of the
DOH in serving road users is to maintain the service level of the highway network to
ensure smooth travel. Therefore, monitoring traffic conditions is essential for the DOH
to assess the current traffic capacity. Currently, the DOH collects traffic volume data
through two methods: 1) manual survey points, where personnel count vehicles at
designated points on major highways, and 2) automated survey points, where sensors
analyze traffic volume passing through the survey points.
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In the past, manual vehicle counting by personnel, although capable of classifying
various vehicle types, has encountered issues with data reliability due to the lack of a
data validation process, relying solely on trust in data recording. Meanwhile, traffic
volume surveys using sensors, while accurate in terms of vehicle count, have limitations
in vehicle type classification. Therefore, to find a new data survey alternative for the
Department of Highways, we propose a prototype tool development approach for traffic
volume surveys that can classify vehicle types similar to manual classification, thereby
enhancing the reliability of manual survey data.

1.1 Manual Traffic Count

Currently, the Department of Highways continues to maintain the process of data sur-
veying with personnel. This is because using human surveyors allows for the classifi-
cation of a wide variety of vehicle types, covering the needs for data separated by ve-
hicle type in road design, construction, and maintenance.

The procedure for surveying using this method involves the DOH assigning survey
stations to be surveyed annually. Each year, survey days are established to represent
traffic volume, with 2,715 survey points distributed across the national network.

The manual survey method, also known as the direct traffic volume survey con-
ducted by personnel (Direct Method), involves using people to count traffic volume and
record the number of vehicles, categorized into 13 vehicle types: 1) Bicycle and Tricy-
cle, 2) Motorcycle, 3) Passenger Cars (up to 7 seats), 4) Passenger Cars (over 7 seats),
5) Small Bus, 6) Medium Bus, 7) Heavy Bus, 8) 4-wheel Truck, 9) 6-wheel Truck, 10)
10-wheel Truck, 11) Trailer Truck, 12) Semi-Trailer Truck, and 13) Other Vehicle.

1.2 Traffic counting tools

To monitor traffic status on the highway network, DOH has installed permanent traffic
volume detection equipment at high-traffic density points or in critical areas. Various
detection devices are used, such as Micro count devices, Microwave Radar, Double
Loop Detectors, and Magnetic Sensors, which record data 24 hours a day and store it
in a traffic database.

However, equipment-based surveys primarily detect the number of vehicles and can
measure vehicle size or the distance between vehicle axles. This limitation affects ve-
hicle type classification, as it cannot distinguish among a wide range of vehicle types.
Currently, it can classify vehicles into only five categories: 1) Motorcycles 2) Four-
wheeled vehicles 3) Six-wheeled trucks 4) Ten-wheeled trucks, and 5) Trailer trucks
and heavy buses.

Although sensor-based surveys appear to be a more sustainable approach than the
manual method, limitations in vehicle type classification that may not fully meet usage
needs, coupled with equipment maintenance costs, lead the Department of Highways
to continue using both survey methods currently.
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2 Literature

2.1 Traffic Count Tools

Road agencies place significant importance on surveying and monitoring traffic volume
on their road networks. Data has been continuously collected from the past to the pre-
sent, starting with basic vehicle counting using personnel to count each vehicle and
continuously developing survey methods to compile statistical (historical) data and dis-
play current data.

The methods or tools used for data surveying [1], including sensor-based traffic data
collection technologies, have both strengths and limitations in their application. Tech-
niques such as Video-Image Processing (VIP) and Artificial Intelligence (Al) are cur-
rently receiving significant attention in analysis and processing technologies. Table 1
summarizes the methods or tools used for traffic volume surveys.

Table 1. Overview of Traffic Monitoring Tools.

Advantages

Limitations

Manual Counts
(By Surveyor)

Pneumatic Road
Tubes

Magnetic Loops

Active and Passive
Infrared Sensors

Microwave Radar
Sensors

Ultrasonic and Pas-
sive Acoustic

Video Image Pro-
cessing (VIP)

Capable of diverse vehicle
classification

Operational flexibility
Simple surface-level installa-
tion

High accuracy

Capable of diverse vehicle
classification

Directional traffic separation
All-weather operation

Speed measurement

Measures across multiple lanes
Detects vehicles of various
heights

Measures across multiple lanes
Simple detection zone modifi-
cation and addition, convenient
installation

Capable of diverse vehicle
classification

Operational flexibility

Not viable for extended durations
Cannot be validated

Limited lane coverage

Accuracy depends on weather

Not suitable for low-speed traffic
Short lifespan

High maintenance costs

Not suitable for high traffic volume
Cannot be validated

Accuracy depends on weather
Cannot detect stationary vehicles

Accuracy depends on weather
Not suitable for High-speed traffic

Accuracy depends on weather
Speed influences traffic detection
Potential for nighttime errors
Limits camera's field of view
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2.2 Image Processing

There are various techniques used to detect objects in image processing. The main tech-
niques commonly used for vehicle detection include the You Only Look Once (YOLO)
[21[31[41[51[61171[8][9] algorithm, Regional Convolutional Neural Network (RCNN)
[5116][8][10][11][12][13] [14], and Single Shot Multi-Box Detector (SSD) [5]. YOLO
is a deep-learning algorithm model commonly used for object detection in photographs.
RCNN uses Selective Search to identify potential object boundaries and then uses a
Convolutional Neural Network (CNN) [15][16[17] to classify those objects. SSD com-
bines the concepts of YOLO and RCNN, using boxes of various sizes to predict the
position and type of objects in an image.

Previous research on intelligent vehicle classification and counting systems has uti-
lized YOLO techniques for numerous object detection tasks. In 2023, Premaratne et al.
[11] used YOLO version 5 (YOLOVS) to detect various vehicles in both daylight and
nighttime conditions, focusing primarily on aerial views. This research tested the model
under different weather conditions, such as rain, nighttime, and very dark nighttime.
The test results showed the model performs best during the day or in typical weather,
achieving very high accuracy and reasonable speeds

There has been research aimed at enhancing the speed of the YOLO model, such as
the LittleYOLO-SPP model [12], an advancement of YOLOv3-tiny, which allows for
faster operation, yielding a mAP accuracy of 77.44% on the PASCAL VOC dataset and
52.95% on the MS COCO dataset, enabling real-time vehicle detection. This also ac-
counted for weather variability in daytime, mainly focusing on aerial views. However,
this research had limitations due to a small dataset, leading to detection errors.

For object tracking, ByteTrack, a Multi-Object Tracking (MOT) model, is widely
used, leveraging confidence scores from object detectors. ByteTrack uses both high and
low confidence scores to handle object occlusion, which can reduce an object's confi-
dence score. For example, Kuntintara et al. (2022) [17] used ROI YOLOX and
ByteTrack to detect six vehicle types (Bus, Car, Motorcycle, Van, Truck, and Pickup
Cars), tracking objects with ByteTrack, achieving a MAPE of 76% during the day.

3 Methodology

In developing a prototype device for traffic volume surveying, to replace manual count-
ing with the advantage of being able to classify various types of vehicles, we followed
these study steps:

3.1 Hardware development

Hardware development will be used for two main parts: first, equipment for recording
and storing traffic condition videos on roads, used for analyzing the objects present in
the images. The next part will be the development of equipment for image processing
using Video Image Processing techniques.
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3.2 Image processing

The traffic volume surveying process from traffic videos will be divided into two main
parts: 1) vehicle classification and 2) tracking objects moving within a defined area and
3) continue tracking moving objects in changing environments.

1) Vehicle classification

For image processing to detect objects, there are various techniques. The main tech-
niques commonly used for vehicle detection include YOLO, Regional Convolutional
Neural Network (RCNN), and Single Shot Multi-Box Detector (SSD). YOLO is a deep
learning algorithm model commonly used for object detection in photographs. RCNN
uses Selective Search to identify potential object boundaries [2] and then uses a Con-
volutional Neural Network (CNN) to classify those objects [3]. SSD combines the con-
cepts of YOLO and RCNN [2], using boxes of various sizes to predict the position and
type of objects in an image. Fig.1 illustrates an example of object detection and classi-
fication.

In operation, it is necessary to prepare initial data, including images and label data
to specify the type of objects within the images for model training. Once the initial data
is ready, the object detection process begins by dividing the image into small, equally
sized grids. The model then extracts label data, which are rectangular frames surround-
ing the objects to be classified, indicating the area and boundaries of the objects within
the image.

vehicle crossed: o

Fig. 1. Vehicle Detection and Classification

2) Object tracking

Object tracking is used to follow up on the results of vehicle detection and classifica-
tion. It assigns unique identification numbers to vehicles within the images, facilitating
categorized vehicle counting. ByteTrack [17][18] is a Multi-Object Tracking (MOT)
model that works in conjunction with YOLO, an object detection and classification
model. It utilizes the results from the object detection and classification model for
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object tracking. ByteTrack simultaneously employs objects with high and low confi-
dence scores, preventing issues when objects are occluded and their confidence scores
drop.

3) Tracking in changing environments

Observation-Centric Simple Online and Real-time Tracking (OC-SORT) is a Multi-
Object Tracking (MOT) model that works with YOLOX, an object detection and clas-
sification model. It is an extension of SORT [34], designed to support tracking contin-
uously moving objects in constantly changing environments.

The working principle of OC-SORT consists of three components: Observation
Centric Re-Update (ORU), which is responsible for updating the movement direction
of occluded objects. ORU is activated when an object is completely occluded and then
re-detected. ORU sets a new direction for the algorithm that links object positions, re-
placing the predicted direction of the object. Observation Centric Momentum (OCM)
manages occlusion issues by creating momentum for objects that are occluded and lost
from tracking, thus maintaining their tracking status.

33 Data Collection

A total of 11 survey locations were chosen to evaluate the tools and data analysis meth-
ods. These sites included highways with 2 to 8 lanes, both with and without medians,
that divided traffic directions. To reflect traffic conditions at various times, data at each
point was collected under different lighting conditions that may affect detection perfor-
mance [4][5] ,including both daytime (D) and nighttime (N). Nighttime data may in-
clude color images (N-RGB) and infrared images (N-IR). Each period recorded one
hour of traffic, and the number of vehicles observed during each period is summarized
in Table 2.

3.4 Results Evaluation

To verify the vehicle analysis and detection process, the Mean Absolute Percentage
Error (MAPE) [17][18][19], a popular statistical measure used to assess prediction ac-
curacy, is employed to evaluate the performance of the Machine Learning model in
counting and classifying each type of vehicle.

The evaluation of the vehicle counting system's performance is measured by com-
paring the Mean Absolute Percentage Error (MAPE) of each vehicle category. The cal-
culation equation is shown in Equation (1). Since the number of vehicles varies across
different categories in each video, a weighting factor for the volume of vehicles in each
category is added. The Weighted Mean Absolute Percentage Error (Weighted MAPE)
[19], as shown in Equation (2), will be primarily used to measure the vehicle counting
results.

1 ¢ ~
MAPE. = -3, |ye = 9eil X 100 M
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Given N, is Vehicle count for c type vehicles
Y, ;is Number of ¢ type vehicles counted by the model in video i
Yi 1s Actual number of ¢ type vehicles counted in video i
Weighted MAPE = ZizieMAPie @)
Ye=1We
Given C  is Total vehicle count
w,. is Actual number of ¢ type vehicles counted
Table 2. Summary of study area and survey period
Site| Highway Province # lanes Median Area Type | Survey Veh.
Number Time Count
1 1 Tak 4 Divided Rural D 67
N-IR 48
2 2 Nong Khai 6 Divided Suburbs D 155
N-IR 87
3 3 Chanthaburi 6 Divided Rural D 110
N-RGB 91
4 4 Prachuap 4 Divided Rural D 131
Khiri Khan N-RGB 56
N-IR 57
5 4 Phatthalung 4 Divided Rural D 266
N-RGB 67
6 23 Yasothon 4 Divided Suburbs D 173
N-RGB 10
N-IR 23
7 32 Ang Thong 8 Divided Rural D 272
N-RGB 467
N-IR 98
8 201 Chaiyaphum 4 Divided Rural D 106
N-RGB 30
N-IR 24
9 1001 Chiang Mai 8 Divided Urban D 2,000
N-RGB 307
10 3261 Nakhon 2 Undivided Urban D 86
Nayok N-RGB 26
N-IR 7
11 34 Chonburi 5 Divided Suburbs D 549
N-RGB 156
N-IR 149
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4 Results

From the data survey in all 11 study areas, which included diverse viewpoint datasets,
the total dataset comprised 25,601 images. All image data were divided into three parts:

e Training dataset: 10,105 images (after data augmentation, totaling 20,893 images),
representing 70% of the total data.

e Validation dataset: 3,140 images, representing 20% of the total data.

e Test dataset: 1,568 images, representing 10% of the total data.

4.1 Detection Efficiency in Different Lighting Environments

Table 3 shows the results of analyzing vehicle volume during various periods. It was
found that the weighted mean absolute percentage error (Weighted MAPE) for counting
each vehicle type was lowest at 21.53%. Daytime counting had a Weighted MAPE of
11.38%, while nighttime counting with color images (N-RGB) had a Weighted MAPE
of 41.12%. Nighttime counting with infrared images (N-IR) had a Weighted MAPE of
54.07%.

Across all 11 sites, Site 6 and Site 9 showed the best test results. Site 9 performed
well because it was a congested period with slow-moving traffic, allowing for better
vehicle detection. Site 6's model had some prior learning, leading to good results. How-
ever, some provinces had poor results, namely Site 4, Site 7, and Site 10. Sites 4 and
10 had many vehicles traveling on the shoulder, but the region of interest defined for
testing did not include the shoulder. As for Site 7, vehicles traveled relatively fast, and
large vehicles often obscured the counting. Additionally, water droplets on the camera
interfered with the model's ability to detect vehicles.

4.2  Detection and Counting Accuracy

This research tested 58 videos from 11 locations; the combined results for each location
and vehicle type are shown in Table 4. The results show that the method of counting
vehicles entering or exiting using the developed model has a Weighted Mean Absolute
Percentage Error (Weighted MAPE) of 15.95%.

The highest detection accuracy is for Other cars, with a Mean Absolute Percentage
Error (MAPE) of 0.00%. Accuracy for Passenger Cars (up to 7) is 8.27%, and semi-
trailers with more than 3 axles have a MAPE of 11.21%.

The lowest detection accuracy is for bicycles, with a MAPE of 100%, and full trucks,
with a MAPE of 44.44%.

Overall, the testing indicates that counting is performed well for cars and semi-trail-
ers with more than 3 axles but poorly for bicycles.
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Table 3. Results of Traffic Volume Count Analysis in Each Test Site

Site | Survey Model MAPE Weighted Site | Survey Model MAPE Weighted
Time Count MAPE Time Count MAPE
1 D 67 0.00% 17.65% 7 D 272 0.00% 19.85%
N-IR 35 27.08%  43.75% N-RGB 186  60.17%  63.33%
2 D 149 3.87% 16.77% N-IR 41 58.16%  64.29%
N-IR 55 36.78%  45.65% 8 D 108 1.89% 13.21%
3 D 103 6.36% 11.61% N-RGB 27 10.00%  23.33%
N-RGB 93 2.20% 13.19% N-IR 16 33.33%  71.43%
4 D 117 10.69%  45.80% 9 D 1,906  4.70% 7.60%
N-RGB 41 26.79%  55.00% N-RGB 262  14.66%  24.52%
N-IR 21 63.16%  66.67% 10 D 82 4.65% 11.63%
5 D 240 9.77% 11.28% N-RGB 25 3.85% 33.33%
N-RGB 57 14.93%  32.84% N-IR 0 100.00% 100.00%
6 D 174 0.58% 5.20% 11 D 511 6.92% 12.02%
N-RGB 10 0.00%  20.00% N-RGB 136  12.82%  28.21%
N-IR 23 0.00%  33.33% N-IR 87 41.61%  49.01%

Table 4. Overall analysis results of vehicle volume and type detection in all tested areas

No. Type Actual Count Model Detect MAPE

1 Bicycle and Tricycle 7 0 100.00%
2 Motorcycle 1,456 1,187 18.48%
3 Passenger Cars (up to 7) 1,790 1,642 8.27%

4 Passenger Cars (over 7) 228 183 19.74%
5 Small Bus 12 10 16.67%
6  Medium Bus 20 13 35.00%
7  Havey Bus 76 48 36.84%
8 4 wheels - Truck 1,356 1,142 15.78%
9 6 wheels - Truck 212 273 28.77%
11 10 wheels - Truck 99 55 44.44%
11 Trailer Truck 95 69 27.37%
12 Semi-Trailer Truck 232 206 11.21%
13 Other 1 1 0.00%

Total 5,617 4,844 13.78%
Weighted MAPE 15.95%

5 Conclusion

Using CCTV cameras and algorithms to detect and classify vehicle types, traffic vol-
ume count will likely replace current surveys relying on human traffic counters.

Image processing combined with machine learning will help classify vehicle types
with an accuracy close to that of human classification.
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The Weighted MAPE value indicates that the analysis results still have discrepancies
with reality, especially in the classification of large vehicles (Medium Bus, Heavy Bus,
6-10 Wheel Truck, and Trailer Truck), which have MAPE values exceeding 20%, while
the detection of Passenger Cars (up to 7 seats) has the highest accuracy with a MAPE
value of 8.27%.

For practical implementation, the model should be trained with more data to accom-
modate vehicles that may change in the future, and consideration should be given to
providing a wider range of camera perspectives to enable use in real-world areas with
diverse environmental conditions.
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The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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