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Abstract

The turning movement count is investigated to understand the traffic conditions at intersections and identify
bottleneck locations. In recent years, methods utilizing probe data and Al-based analysis of video images
have been developed to streamline the survey process. Existing methods can count vehicles as they pass but
struggle to classify vehicle types. Therefore, the objective of this study is to develop a method for counting
turning movement count by vehicle type using deep learning. In this method, YOLOVS is used to detect cars,
buses, and trucks in video images, and BoT-SORT is used for tracking. When a vehicle being tracked crosses
the cross-sectional lines and auxiliary lines at the intersection captured in the video images, it is counted by
class. In this case, the entry direction of vehicles that cannot be determined upon entering the intersection is
estimated based on accurately counted vehicles. Additionally, the entry direction is inferred from a series of
vector information within the detection bounding boxes. The results of the verification experiment showed
that the proposed method can count the directional traffic volume with an accuracy of over 95.0% and classify
the three vehicle classes—car, bus, and truck—with an accuracy of over 90.0%.
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1. Introduction

In many countries, turning movement counts surveys are conducted to understand the usage of roads (Japan
International Cooperation Agency, 2018 and Streetlight Data, 2024). In Japan, turning movement counts are
counted by turning movements (right-turn, left-turn, and straight) and vehicle type to understand traffic conditions at
intersections and identify bottleneck locations. This survey requires at least four surveyors per intersection, leading
to increased survey costs as the number of survey locations increases. For example, in Tokyo, a large-scale survey
was conducted as part of the Major Intersection Traffic Volume Survey, covering 125 intersections and requiring
more than 500 surveyors (Metropolitan Police Department, 2023). Against this backdrop, in recent years, the Ministry
of Land, Infrastructure, Transport and Tourism has been exploring survey methods that utilize probe data to streamline
the process, as well as methods that analyze recorded video images using Al (Ministry of Land, Infrastructure,
Transport and Tourism, 2019). A survey method using probe data has demonstrated the potential to count turning
movement counts by combining ETC 2.0 probe data with data collected from vehicle detectors (Shiomi, 2022).
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However, when the penetration rate of vehicles equipped with ETC 2.0 probe data is low, the accuracy of traffic
volume counting decreases, presenting a significant challenge. Although the penetration rate is expected to increase
as more vehicles are equipped with ETC 2.0 onboard units, the installation incurs additional costs. Therefore, it is
challenging to rapidly promote the widespread adoption of onboard units. In response, we focused on a survey method
that analyzes video images using Al. As survey methods using Al, there are two primary approaches: one involves
counting based on vehicle trajectories (Horii et al., 2022), and the other sets cross-sectional lines on roads visible in
video images and counts vehicles passing through these lines (Watanabe et al., 2023). However, the former method
faces a challenge in that vehicle trajectories differ for each intersection, requiring parameter adjustments for counting
every time the target intersection changes. This challenge could potentially be resolved by predefining the camera
angles during filming, which may reduce variations in vehicle trajectories specific to each intersection. However, this
approach cannot be applied to intersections that do not fit the predefined camera angles, leading to a reduction in
versatility. The latter issue, as shown in Fig.1, arises from the occlusion that occurs when vehicles overlap near the
cross-sectional line, causing vehicles farther from the camera to be obscured, which leads to counting omissions. To
address this issue, we have developed a method for counting turning movement counts that sets auxiliary lines in
addition to cross-sectional lines as a countermeasure against occlusion (Sumiyoshi et al., 2024). However, this method
cannot count turning movement counts categorized by vehicle type. Therefore, the purpose of this study was to develop
a method for counting turning movement counts by vehicle type using deep learning applied to video images of
intersections. In Section 2, the proposed method is explained in detail, and the experimental conditions for verifying
its effectiveness are described. Section 3 evaluates and discusses the results of the demonstration experiments. Section
4 provides a summary of this study.

A vehicle
exists next to
the bus

Counting
omission

A few frames
later

Fig.1. Scenarios where counting omissions occur in existing methods

2. Methods

In this section, we summarize the challenges identified in existing research and outline the development strategy of
the method devised in this study. Next, we provide a detailed explanation of the proposed method. Then, we describe
the conditions of the empirical experiments conducted using this method.

2.1 Development Approach for Counting Turning Movement Counts by Vehicle Type

This section organizes the challenges identified in existing studies and outlines the development approach for the
method proposed in this study (Watanabe et al., 2023). This method has been reported to result in counting omissions
when occlusion occurs within the region enclosed by the cross-sectional line, causing the vehicle ID to switch (see
Fig.1). Hamamura et al. utilized YOLOV7, an object detection method, fine-tuning it with images of passenger cars,
light trucks, buses, and motorcycles to count cross-sectional traffic volumes by vehicle type (Hamamura et al., 2023).
Additionally, Okubo et al. employed the SSD object detection method, training it with images of light trucks, buses,
passenger cars, small trucks, pedestrians, motorcycles, and bicycles to count cross-sectional traffic volumes by the
trained classes (Okubo et al., 2020). These methods aim to count cross-sectional traffic volumes, leading to the
placement of cross-sectional lines closer to the camera. However, to count turning movement counts, it is necessary
to place cross-sectional lines at positions farther from the camera. Therefore, near the cross-sectional lines farther
from the camera, vehicles appear smaller in the footage, potentially leading to a decrease in vehicle classification
accuracy.
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Based on the above, this study proposes a method to address undercounting caused by occlusion. The method involves
analyzing traffic conditions using vehicles that are correctly counted and estimating the inflow directions of vehicles
for which only outflow directions can be determined. Additionally, to improve the classification accuracy of small
vehicles appearing in the footage, this study employs the YOLOv8x model, which can detect smaller objects with
higher precision than YOLOV7 by replacing the Detection Head with one based on NAS-FPN (Varghese, R and
Sambath, M, 2024). Furthermore, to enhance vehicle classification accuracy, this study incorporates not only the
classification results of vehicles on the cross-sectional line but also employs a majority voting approach based on the
classification results of vehicles within the area enclosed by the cross-sectional lines.

2.2 Proposal of a Method for Counting Turning Movement Counts by Vehicle Type
The processing flow of the proposed method is illustrated in Fig.2. This process consists of cross-sectional and
auxiliary line setting, detection, counting, interpolation, and vehicle classification.

/ Cross-sectional and
Video Images » Auxiliary Line Setting > Detection Process — Counting Process
Process —|
L Interpolation Process Vehicle Classification Counting
Process / Results
Legend
Data process

Fig.2. Processing Flow of the Proposed Method

In the cross-sectional and auxiliary line setting process, cross-sectional and auxiliary lines are established to determine
the inflow and outflow directions. The flow of the process is illustrated in Fig.3a. First, eight points (points 1 through
8) are manually selected to enclose the intersection. Next, lines are drawn connecting points 1 and 2, points 3 and 4,
points 5 and 6, and points 7 and 8. These lines are extended until adjacent lines intersect. Then, auxiliary lines are
established by connecting the midpoints of opposing cross-sectional lines. This approach reduces the impact of
occlusion within the area enclosed by the cross-sectional lines.

In the detection process, vehicles appearing in the video images are detected and tracked to count turning movement
counts. In this process, the YOLOv8x model is used to detect three classes: car, bus, and truck. Next, the detected
vehicles are tracked using BoT-SORT (Aharon et al., 2022). During this process, an ID is assigned to each tracked
vehicle to prevent excessive counting at the cross-sectional lines.

In the counting process, vehicles crossing the cross-sectional and auxiliary lines are counted. First, when the midpoint
of the bottom edge of a bounding box for a detected vehicle passes over a cross-sectional or auxiliary line, the ID of
that vehicle is recorded. This allows for determining the direction from which the vehicle entered. Subsequently, when
the midpoint of the bottom edge of the bounding box for the detected vehicle crosses another cross-sectional line, the
vehicle's ID is recorded again. This process determines the outflow direction and ensures the vehicle is counted as a
single unit.

Here, an example is explained for the case where a vehicle enters from L1 direction and exits from L3 direction. In
determining the entry direction, it is assessed whether the vehicle has passed the cross-sectional lines and auxiliary
lines by verifying if it satisfies equation (1). In this case, x1, y1 represents the intersection of L1 and L4, x2, y2
represents the intersection of L1 and L2, and xp, yp represents the midpoint of the lower edge of the bounding box in
the previous frame. Next, the intersection between the line segment connecting the midpoints of the lower edges of
the rectangle and L1 is determined using equations (2), (3), and (4). The CCW (Counter Clockwise) function defined
in (2) is used to evaluate the geometric configuration of three points. When the result of this function is positive, the
points are arranged in a counterclockwise order; when negative, they are arranged in a clockwise order; and when
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zero, the points are collinear. Furthermore, when both equations (3) and (4) are satisfied, it can be determined that the
two line segments intersect, indicating that there is an enters from the direction of L1. In this case, A represents the
midpoint of the lower edge of the bounding box in the previous frame, B represents the midpoint of the lower edge of
the bounding box in the current frame, C represents the intersection of L1 and L4, and D represents the intersection
of L1 and L2. In determining the exit direction, equation (5) is used to assess whether the midpoint of the lower edge
of the bounding box in the previous frame is located within the region enclosed by the cross-sectional lines. In this
case, X1, y1 represent the intersection of L3 and L4, x2, y2 represent the intersection of L3 and L2, and xp, yp denote
the midpoint of the lower edge of the bounding box in the previous frame. Furthermore, similar to the entry direction
determination, equations (2), (3), and (4) are used to verify whether the line segment connecting the midpoints of the
lower edges of the bounding boxes intersects with L3. If an intersection is confirmed, the vehicle is determined to
have exited in the direction of L3.

(2 =x) p =y1) = 2 —y1) " (xp —%1) 20 @)
CCW(A,B,C) = (yc —¥a) " (xg = xa) — (Vg — ¥a) * (xc — %) 2
(CCW(A, B,C)) - (CCW(A,B,D)) < 0 A3)
(CCW(C,D,A)) - (CCW(C,D,B)) < 0 (4)

(2 =x1) W = ¥1) = (V2 = ¥1) " (%p — %) <0 ®)

In the interpolation process, vehicles for which the inflow direction cannot be determined are supplemented by
estimating their inflow direction, thereby addressing undercounting issues. The flow of this process is illustrated in
Fig.3b. First, the inflow direction candidates are estimated for each time point based on the time when the counted
vehicles crossed the second cross-sectional line and their travel direction. Next, for vehicles whose inflow direction
cannot be determined due to occlusion, the inflow direction is uniquely estimated based on the vector information,
including the sequence of timestamps and positions as the vehicle crosses the outflow cross-sectional line.

An example is provided here for the case where a vehicle enters from L2 direction and exits from L3 direction.
First, the possible entry direction candidates are estimated based on the time when the target vehicle passed L3
and the time when the correctly counted vehicles passed the second section line. In this example, as shown in
Fig. 3b, we assume that vehicles are entering from L2 and L4 directions during this time period. Then, when
equation (6) is satisfied, the vehicle is estimated to have entered from the L4 direction, and when equation (7) is
satisfied, it is estimated to have entered from the L2 direction. In this case, y2 represents the y-coordinate of the
midpoint of the lower edge of the bounding box when the vehicle passes L3, and y1 represents the y-coordinate
of the midpoint of the lower edge of the bounding box when the vehicle is first detected within the area enclosed
by the section line.

Yo—¥1>0 (6)

Yo —¥1 <0 (7)
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In the vehicle classification process, the counted vehicles are categorized into three classes: car, bus, and truck. The
flow of this process is illustrated in Fig.3c. First, the classification results from the YOLOv8x model are recorded for
vehicles detected within the area enclosed by the cross-sectional lines. Then, the recorded results are used to determine
the vehicle type by applying majority voting to the classification outcomes for each vehicle ID, thereby finalizing the
classification.

Cross-sectional lines for verifying the
direction of inflow and outflow

Auxiliary lines for vehicles entering from
the L1 and L3 directions

Auxiliary lines for vehicles entering from
the L2 and L4 directions

a. Example of cross-sectional and auxiliary line settings

passage travel |
time  direction [ L4L

11| Lar2|| Inflow from

(13 | > : Estimated to have flowed in from L2 i

66| L2a|) theLZand Outflow
go| L2 L]y LA directions from L4
103 Lael If the y-coordinate decreases, it is
10.3 L2 L4 > estimated that the vehicle entered from 1.2
Outflow If the y-coordinate increases, it is
Record of correctly counted vehicles Understanding of from 1.3 estimated that the vehicle entered from L4

traffic conditions

b. Illustration of the interpolation process

see

Classified as car Classified as car Classified as car Classified as car

vMajority Voting

Classified as car
c. Conceptual diagram of vehicle type classification process

Fig.3. Processing flow of the proposed method

2.3 Validation of the Proposed Method's Effectiveness

In this study, two validations were conducted to verify the effectiveness of the proposed method. In the first validation,
to assess the effectiveness of the interpolation process in the proposed method, we applied both the existing method
(Sumiyoshi et al., 2024) and the proposed method to video images of intersections and compared the counting accuracy
of turning movement counts. In the second validation, to evaluate the vehicle classification accuracy of the proposed
method, vehicle types were classified for the vehicles counted using the proposed method in the first validation. Both
validations used video images recorded for 25 minutes at an intersection in Tokyo. The target road consisted of four
lanes in total, with two lanes in each direction (see Fig.4). During the recording, approximately 33 vehicles per minute
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were observed traveling through the intersection. The weather during the recording was cloudy. The video images
were captured using a GoPro HERO11 mounted on a survey pole, which was extended to a height of approximately
4.0 meters above the ground. During the recording, the GoPro HERO11 was set to a resolution of 5.3K at 30 fps. In
both validations, the number of correctly identified vehicles was verified through manual observation. Precision, recall,
and F1-score were calculated to evaluate the performance. However, in Validation 1, vehicles exiting from L1 to L2
and from L3 to L4 had a passage count of zero, making it impossible to calculate evaluation metrics. Therefore, these
cases were excluded from the evaluation.

GoPro
Survey pole ¥ : T iy T,
.
Fig.4. Equipment installation diagram and camera angle during shooting
3. Results

3.1 Validation of Counting Accuracy for Turning Movement Counts

The results of turning movement counts counting are shown in Table 1. First, upon examining the F1-scores, it was
found that the proposed method achieved higher scores than the existing method across all directions. Furthermore,
in the proposed method, the F1-scores for all directions except for vehicles traveling from L2 to L1 were 0.950 or
higher, demonstrating an accuracy comparable to manual observations. Additionally, in the existing method, vehicles
traveling in the L3 direction, such as from L1 to L3 and L4 to L3, exhibited low recall rates, indicating a higher
incidence of undercounting. The likely cause is that L3 is the farthest cross-sectional line from the camera, making it
more prone to occlusion. Similarly, vehicles traveling from L1 to L4 experienced undercounting due to the large
number of vehicles traveling from L1 to L3, which caused frequent occlusions. On the other hand, examining the
recall rates of the proposed method revealed improvements over the existing method, with vehicles traveling from L1
to L3 achieving a recall of 0.926, from L2 to L3 achieving 1.000, and from L4 to L3 achieving 0.969. Additionally,
for vehicles traveling from L1 to L4, the recall rate was 1.000, indicating that detection omissions were successfully
mitigated. This indicates that the implementation of the interpolation process in the proposed method, which estimates
inflow directions from outflow directions, has the potential to count left-turning vehicles and occluded vehicles,
addressing the challenges faced by the existing method. However, for vehicles traveling from L2 to L1, even the
proposed method resulted in an F1-score below 0.800. Vehicles traveling from L2 to L1 pass closest to the camera,
resulting in their upper sections being visible for only a short duration. This condition led to instances of undercounting.
The intersection targeted in this experiment was a large one, with a distance of approximately 70 meters from the
camera's position to the farthest crosswalk. Therefore, depending on the size of the intersection, it can be considered
that installing two cameras along the diagonals of the intersection can ensure counting accuracy. Furthermore, for
vehicles traveling from L1 to L4, fluctuations in the bounding boxes caused by straight-moving vehicles resulted in
excessive counting when the midpoint of the lower edge of the bounding box crossed the sectional line (see Fig.5).
In this case, because the straight-moving vehicles travel in front of the vehicles that are excessively counted, the upper
edge of the bounding box exhibits less movement compared to the lower edge. Therefore, by focusing on the
displacement of the upper edge of the bounding box, it may be possible to achieve improvements.
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Table 1. Counting results of directional traffic volume

Ground Existing Method Proposed Method
Inflow Outflow
Truth
Direction | Direction ) Precision | Recall | Fl-score | Precision | Recall | Fl-score
(vehicles)
L1 L3 244 1.000 0.820 0.901 1.000 0.926 0.962
L4 44 0.909 0.909 0.909 0.917 1.000 0.957
L1 29 0.905 0.655 0.760 0.909 0.690 0.784
L2 L3 8 1.000 0.875 0.933 1.000 1.000 1.000
L4 101 1.000 0.980 0.990 1.000 1.000 1.000
3 L1 223 1.000 0.960 0.979 1.000 0.973 0.986
L2 24 0.960 1.000 0.980 0.960 1.000 0.980
L1 47 0.947 0.766 0.847 0.978 0.936 0.957
L4 L2 72 1.000 0903 0.949 1.000 0.931 0.969
L3 32 0.955 0.656 0.778 0.969 0.969 0.969
All 824 0.986 0.880 0.930 0.989 0.949 0.968

The displacement of the
upper edge is small

M Excessive
= counting

S — NSNS
—_———— e WS =

e

A few frames
later

Bounding box —— Trajectory of the midpoint of the bounding box

Fig.5. Examples of counting failures

3.2 Validation of Vehicle Classification Accuracy

The results of vehicle classification are shown in Table 2. Upon examining the results, it was found that the F1-scores
for car, bus, and truck were 0.900 or higher. Furthermore, when aggregating the classification results across all classes,
it was found that the Fi-score was 0.973, demonstrating a higher accuracy than the manual counting accuracy of 95.0%.
Furthermore, for vehicles that exhibited misclassifications during tracking, it was found that using time-series data
allowed for correct classification through majority voting. Upon examining the images where trucks were
misclassified as cars, it was observed that such misclassifications occurred predominantly in scenarios where the front
of the vehicle was prominently visible. As shown in Fig.6, this issue could potentially be mitigated by collecting
images that prominently feature the front view of vehicles and fine-tuning the YOLOv8x model accordingly.
Furthermore, among the 12 trucks misclassified as cars, 11 were small-sized trucks. In turning movement counts
surveys, it is acommon practice to classify vehicles into categories such as small and large vehicles, with cars typically
falling under the category of small vehicles. Therefore, from a practical application perspective, these 11 trucks can
be considered to have been correctly classified. On the other hand, upon reviewing the images misclassified as trucks,
it was found that a significant number featured boxcars. Similar to the case with trucks, this issue could potentially be
addressed by creating training data from images containing boxcars and fine-tuning the model accordingly.
Additionally, we have demonstrated that the application of deep-learning-based image classification methods enables
highly accurate vehicle type classification when measuring cross-sectional traffic volume by vehicle type. Therefore,
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when measuring turning movement counts by vehicle type, it is considered feasible to classify vehicles into small and
large categories by extracting images of vehicles classified as trucks and applying image classification methods.

Table 2. Classification results by vehicle type

Predicted True Positive
Ground Truth
Class ) Count Count Precision Recall F1- score
(Vehicles) _ _
(Vehicles) (Vehicles)
Car 673 676 664 0.982 0.987 0.984
Bus 7 7 7 1.000 1.000 1.000
Truck 111 108 99 0.917 0.892 0.904
All 791 791 770 0.973 0.973 0.973

% The license plate is manually masked

Fig.6. Examples of images misclassified as car

4. Conclusion

In this study, a method for measuring turning movement counts by vehicle type was developed using deep learning
techniques. The results of the empirical experiments demonstrated that implementing an interpolation process to
estimate the inflow direction from the outflow direction improved the counting accuracy for left-turning vehicles and
occluded vehicles, which had been a limitation of existing methods. Furthermore, it was demonstrated that, except for
one direction, the method achieved a counting accuracy equivalent to or exceeding 95.0%, which is the accuracy level
typically achieved through manual measurement. In addition, using the existing YOLOv8x model, the method
successfully classified the three classes—car, bus, and truck—with an accuracy exceeding 90.0%. In the future, a
method will be devised to prevent overcounting by focusing on the upper edge of the bounding boxes during detection.
Furthermore, the generalizability of the proposed method will be validated by applying it to videos captured from
various angles and under diverse traffic conditions. Additionally, a method will be developed for measuring turning
movement counts separately for small and large vehicles using image classification techniques, aiming for practical
application in turning movement counts surveys.
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