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Abstract—Increasing number of vehicles and rapid
urbanization are the significant causes of road traffic congestion.
Road traffic congestion is the main issue facing world cities today.
Congestion control and mitigation are necessary to mitigate the
negative impacts of road traffic congestion, such as delays and
increased fuel consumption, among others. There are many
congestion detection methods published in the literature; some of
these methods, such as the speed threshold, use a single congestion
detection metric. Using a single parameter for traffic congestion
detection might produce false and inaccurate results.
Furthermore, many congestion detection techniques fall short in
describing traffic congestion from the user's perspective and
vision. To address this, this study develops a segment-based
congestion detection method that uses vehicle ID and loss of
expected time of arrival. The ID-based method considers both
vehicle speed and density, whereas the loss of expected time of
arrival focuses on the time loss. These methods are segment-based,
where roads are divided into segments using vehicle trajectories.
Using a speed threshold of 8.33 m/s, the road is segmented into
segments of 8.33 m, 16.66 m, and 24.99 m in length. Vehicle speed
and density are monitored using vehicle identification numbers
(VINs). Experimental results reveal that the speed threshold and
the Microscopic Congestion Detection Protocol recorded false
congestion detection. The proposed ID-based congestion detection
method is capable of identifying false congestion and accurately
detecting real congestion. Moreover, the loss of expected time of
arrival shows a promising result in terms of identifying congestion
based on motorists’ feelings.

Keywords—Vehicle ID; traffic congestion; congestion detection;
vehicle trajectories; vehicle speed; vehicle density; loss of expected
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I.  INTRODUCTION

One of the main issues facing today's urban cities is road
traffic congestion. According to [1], it affects social and
economic productivity, contributes to fuel consumption and
environmental pollution, it adds delays to personal mobility [2].
Congestion leads to wasted time and increased fuel
consumption. Loss time leads to reduced productivity.

ITS-V2X technology is regarded as a key enabler for
predicting and managing road traffic congestion, as well as
enhancing road safety. V2X is an approach to exchanging
information between vehicles and infrastructure that utilizes
decentralized wireless technologies. Future vehicles will share
information about their current position (GPS), speed, and
traffic status, among other vehicle details, and utilize this
information to optimize their routes.

This information is shared using a message called CAM
(Cooperate Awareness Messages). CAM is a standard proposed
by the European Telecommunications Standards Institute [3],
which enables vehicles to collect their kinematic information
and share it with other vehicles and infrastructure. Researchers
are now leveraging these free, continuous, and abundant
messages to manage, build, predict, and make more informed
decisions about road traffic congestion.

It is known that drivers and passengers in moving vehicles
measure congestion with visual and temporal perception. The
mind of a person in a travelling vehicle, upon seeing a high
density of vehicles through the windscreen, would ultimately tell
themselves that congestion occurs. Moreover, a person would,
in general, continuously check how soon or later he would arrive
at the destination, whether on a congested or non-congested
road. Regardless of how fast a vehicle is travelling, the person
would be more concerned with temporal perception, which
involves the perception of time. When motorists are unable to
reach their destination on time, the emotional feeling is that there
is congestion. Even when vehicle speed and related parameters
are given as the primary criteria for evaluating congestion, they
are nevertheless inaccurate and misleading. A practical
observation on a major road, conducted as part of this study,
found that vehicles may travel at speeds exceeding the 30-
kilometer-per-hour speed limit and still experience intense
congestion.

This research employs vehicle trajectories (GPS
coordinates) and vehicle IDs to develop an ID and Loss of
Expected Time of Arrival (LETA) method for detecting
vehicular traffic congestion. Roads are segmented using the
concept of the Cell Transmission Model (CTM) [4]. Using
vehicle trajectories and a speed threshold of 8.33 m/s, the road
is segmented into three different segment lengths: 8.33 m, 16.66
m, and 24.99 m. The ID-based traffic congestion detection
system considers both speed and density. Vehicle speed and
density are tracked and monitored on each segment using
vehicle ID. LETA is calculated using a vehicle’s expected time
of arrival (ETA) and actual time of arrival (ATA).

The remainder of the study is organized as follows: Section
Il discusses the relevant literature. Section 111 will cover
methodology, including road segmentation techniques and
congestion detection methods. Section IV compares the
performance of ID-based with a speed threshold and analyzes
the results. LETA results are also presented in this section.
Section V concludes the study and presents future work.
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Il. RELATED WORK

Trajectory data can provide valuable insights for decision-
making when properly examined, revealing patterns in road
traffic congestion, urbanization, and traffic. The beginning,
middle, and end of the road are all potential locations for traffic
congestion. For easy monitoring, the road needs to be divided
into segments. Model-based or criteria-based segmentation is
the possible ways of segmenting trajectories. The method of
segmenting a trajectory into a limited number of segments that
must all satisfy a global criterion is known as criteria-based
segmentation [5]. Using predetermined criteria, criteria-based
segmentation divides a road into segments that satisfy particular
spatiotemporal requirements. Each segment must fit a particular
model parameter, which is the foundation of model-based
segmentation.

Hausdorff distance was employed in [6], a shape-based
distance measurement for trajectory clustering, as one of the
related efforts documented in the literature about trajectory
segmentation. Origin and destination were employed by [7] to
categorize trajectories based on business affairs. In [8], the
authors broke the trajectory into segments using a similarity
score in an attempt to create a trajectory segmentation map that
matches large-scale GPS data. A system that divides trajectories
into homogeneous segments based on spatiotemporal
parameters, such as heading, speed, and position, was created by
[9]. In [10], the authors divide the road lane into a segment of
cluster cells, each with a 2-meter length. A protocol for
evaluating and detecting traffic congestion on a road segment
was presented by [11]. They describe a road segment as a road
that connects two intersections without specifying its length or
size. Although these works divided roads into segments, they did
not utilize the concept of CTM.

There are two ways of detecting road traffic congestion:
using fixed equipment and floating vehicles [12]. Fixed
equipment-based congestion detection involves using cameras,
loop detectors, and other devices to detect road traffic
congestion. The accuracy of this method is high; however, its
coverage is limited to a specific location [13]. Using floating
vehicles involves utilizing vehicles equipped with sensors and
GPS technology on the road to detect traffic congestion. This
method has the advantage of detecting congestion over large
areas. It also provides a cost-effective method of analyzing and
detecting road traffic congestion [14].

Congestion can be quantified using various metrics,
including speed, trip duration, density, and congestion index,
among others. GPS-based congestion detection is the most cost-
effective and widely used approach. Vehicles can also be easily
tracked [15]. Road traffic congestion is measured using a variety
of techniques; however, there is no single, universal method to
determine the state of traffic. Congestion can be measured using
the following criteria: 1) Average speed, 2) Travel time, 3)
Delay, 4) Density, 5) Level of service, and 6) congestion indices
[16]. According to [17], speed, density, and degree of saturation
are good indicators of traffic conditions.

Both stationary equipment and floating vehicles can be used
to identify congestion [12]. Detecting traffic congestion on the
road by using vehicles fitted with sensors and GPS technology
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was known as "floating vehicles". The benefit of this approach
is that it can identify congestion over vast areas. Additionally, it
offers an economical approach for assessing and identifying
traffic jams [14]. Many studies have utilized data from floating
vehicles to develop a road traffic congestion detection system,
which includes methods developed by [18, 19, 13], all of which
employ fuzzy logic for V2V congestion detection. However, the
system incurs overhead due to the message exchange between
vehicles for congestion validation.

Fuzzy logic was also employed by [20] to estimate traffic
flow. Vehicle speed and location were captured using RFID and
transmitted to the cluster head. The cluster head will calculate
the average speed and density and then use fuzzy logic to
determine the flow. RFID is expensive to implement for all
vehicles on the road, and vehicle clustering is also a time-
consuming process.

Vehicle trajectories were segmented based on the time
window in [21] to detect moving clusters. Vehicle speed and
density were used to detect slow-moving clusters for congestion
detection. The system is based on clusters, and the formation of
these clusters is time-consuming.

A congestion detection approach using clustering algorithms
was developed in [22]. Vehicle trajectories are clustered, and the
distance travelled by the clusters is computed to determine the
average speed, which measures congestion. This method is
based on historical data.

Pollutant emissions and traffic delays can be successfully
decreased using vehicle speed guidance. Driving too fast is a
significant contributing factor to traffic accidents, and research
indicates that speed is a leading cause of deadly traffic accidents
in nearly every nation. The effects of setting a speed restriction
of 30-kilometer-per-hour on roads have been extensively studied
by transportation researchers.

The study by [23] found that enforcing a 30-kilometer-per-
hour speed restriction in 40 European towns significantly
reduced traffic accidents, injuries, and fatalities. In [24], the
authors analyzed the effectiveness of a 30-kilometer-per-hour
speed limit on roads, finding that it reduced energy use and
saved lives.

According to [25], speed emerges as the predominant metric
used in the congestion detection literature. Utilizing a single
parameter, such as speed, for traffic congestion detection might
not produce accurate results [26], [27]. The speed threshold was
proposed by [28]. The vehicle's speed was calculated from the
distance it covered, and the average speed was compared with
the threshold to determine road congestion. Speed may overlook
how traffic congestion develops across space, leading to
incorrect identification of traffic congestion.

This study presents an ID-based congestion detection
method to address the issue of relying on a single parameter for
traffic congestion detection. Using a speed threshold, time
headway for congestion detection may be inaccurate, leading to
false detections. Travel time and delay may not predict how
early or late a motorist will arrive at their destination. This
makes motorists question when they will get to their destination.
LETA is intended to determine how late or early a motorist will
arrive at their destination.
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I1l. METHODOLOGY

A. Road Segmentation

CTM defines cell length as equal to the distance a vehicle
travels at free-flow speed [4]. In the speed threshold [28], free
flow speed was defined to be 8.33 m/s, which means the vehicle
will move 8.33m in one (1) second or above to be considered
not in congestion. The use of 1s is driven by the fact that the
maximum CAM broadcasting interval is 1 second. In this
research, vehicle information is collected every 1 second to
determine congestion. A vehicle will drive 8.33m/s in 1s,
16.66m/s in 2s, and 24.99m/s in 3s to be considered congested.

Three different segment lengths are utilized to evaluate the
method's effectiveness: 8.33 meters, 16.66 meters, and 24.99
meters. In other words, the road is divided into three segments:
8.33 meters, 16.66 meters, and 24.99 meters. Seongsin-ro 2-gil,
140.06 meters, and part of Gonghang-ro, 101 meters in length,
are used for the implementation of the proposed congestion
detection methods. Table | shows the lengths of the three
segments as well as the number of segments generated.

TABLE I. SEGMENT LENGTHS AND THE NUMBER OF SEGMENTS
GENERATED
Segment Number of Segments Number of Segments
Length Created (Seongsin-ro) Created (Gonghang-ro)
8.33m 16 12
16.66 m 8 6
2499 m 5 4

The road is not physically segmented; rather, the 1D-based
system virtually segments the road based on the vehicle
trajectories collected, as illustrated in Fig. 1. Vehicle speed is
monitored using the vehicle ID and its trajectory. Vehicles
driving on a segment of 8.33-meter length are expected to exit
after one (1) second. With a segment length of 16.66 meters,
vehicles are supposed to exit the segment after two (2) seconds.
Vehicles will take three (3) seconds to exit a segment of 24.99
meters in length. This process allows for the monitoring of your
vehicle speed in each segment using three different segment
lengths.

B. ID-Based Congestion Detection

The density metric was used in the majority of research
investigating traffic congestion by counting the number of
vehicles per unit of road length. Our approach uses the vehicle’s
ID sent in the vehicular messages to identify slow-moving
vehicles within a road segment. In terms of this research is the
first study to detect road traffic congestion by using vehicle ID
to identify slow-moving vehicles.

In essence, a traffic flow refers to a line of moving vehicles
on a specific route. Vehicles are grouped into substantially
denser clusters, travelling at extremely slow speeds because
there is insufficient space for lane changes or passing when there
is heavy traffic [21, 29]. Therefore, the motivation is that
tracking and identifying the group of slow-moving vehicles can
effectively identify traffic congestion.

ID-based is a centralized system. The system uses the
vehicle ID and trajectories to determine congestion, as shown in
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Fig. 1. At each time t (i.e., 1s), the vehicle broadcasts its status
messages to nearby vehicles and RSUs. After receiving status
messages from vehicles on a segment, the RSU aggregates
vehicle IDs. As previously mentioned, roadways are segmented
into 8.33-meter, 16.66-meter, and 24.99-meter segments, and
congestion is measured separately in each segment. Congestion
is checked after one (1) second, that is, after each message
receipt cycle, for an 8.33-meter segment length. For a 16.66-
meter segment length, the system will check for congestion after
two (2) seconds, i.e., two message-receiving cycles. Congestion
is monitored after three (3) seconds, i.e., three message-
receiving cycles, with a 24.99-meter segment length.
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Fig. 1. ID-based congestion detection model.

Let us assume that there are n segments of road Ri. Ri = {Ri1,
Ri2, Ri3, ...... Rin}. Where i is the road ID, n is the segment ID
of road i. Let m be the number of vehicles traversing on Rin such
that Rin = {V1, V2, Vs, ... Vn}, where V represents a vehicle
with ID m. Equation 1 shows that all vehicles in Rin can be
presumed to be advanced to Ri(n+1) within t seconds (1 second)
under light traffic, defined as 30-kilometer-per-hour (8.33 m/s)

[see Eqg. (1)].
Ri(n+1)(t+1) = Rin(t) 1)

Congestion can be detected by detecting slow-moving
vehicles [21]. Owing to this notion, an ID-based congestion
detection method detects congestion when at least half of the
vehicles remain in the segment after the clock tick (1, 2, or 3
seconds, depending on the segment length). It signifies the
existence of traffic congestion. This can be evaluated by
comparing the vehicle 1Ds of segment n at time t with the 1Ds of
the same segment at time t + i, where i can be 1, 2, or 3,
depending on the segment length.

Let Vn (ID) be a vehicle n ID. Let XRin(t) = {V1(ID),
V,(ID), V3(ID), ... Vn(ID)}, where XRin(t) is the total vehicle
IDs of segment Rin at time t. Congestion occurs if Eq. (2) is
valid.

1
XRin(t+1) = 5 XRin(0) 2

C. LETA

LETA is a segment-based congestion monitoring system.
Congestion is tracked on a segment-by-segment basis rather
than the road as a whole. It is presumed that RSUs have full
coverage of the road. To determine if vehicles may gain or lose
time on a specific segment, LETA is computed for each
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segment. LETA is capable of monitoring traffic congestion on
every segment of the road. LETA is proposed with the intention
of estimating the level of traffic a vehicle entering the road
would have to experience. A congested road is indicated by loss
time, and one that is free-flow is indicated by gain time. The
estimated time of arrival (ETA) and actual time of arrival (ATA)
must be ascertained in order to compute LETA.

(0 I D
)] D o D
833m 88m | 8%m 83m 83m 8%m
1666m 1666m 1646m
24%m %%m

Fig. 2. Shows vehicles moving from A to B across segments.

Let Ri be a road with nth segments, i.e., Ri = {S1, S2, S3,
<....., Sn}, where Sn is a road segment with index n of Ri. ETA
is the estimated time a vehicle will arrive at destination B from
origin A, as shown in Fig. 2. To compute ETA, the distance
between two points must be defined. In this work, three different
segment lengths are defined: 8.33 m, 16.66 m, and 24.99 m.
Using Eq. (3), the ETA can be computed for each segment.

DSL,
ETAg, = S’/VSS. ®)

where, ETASI is the average expected time of arrival for
segment Si, DSLSi is the segment length, and VSQi is the
segment’s average vehicle speed. ATA represents the vehicle's
movement on the freeway at the recommended vehicle speed.
Using Eq. (4), ATA can be calculated:

DSLs,
ATAg, = / RVS;, (4)

where, ATASI represents the actual time of arrival for
segment Si, DSLSi represents segment length, and RVSSi is the
recommended vehicle speed for segment Si. LETA for a
segment determines whether there is congestion and how late
the vehicle is expected to arrive. LETA is determined by
subtracting ETA from ATA and can be computed using Eq. (5).

LETAg, = ATAs, — ETAs, )

where, LETASI is the time loss from the actual time of
arrival for segment Sj, ATASI is the actual time of arrival, and
ETASI is the expected time of arrival. The total loss of expected
time of arrival for road Ri is the sum of the LETA for each of
the road's segments. Eq. (6) can be used to calculate the total
time loss for road Ri.

TLETAp, = Y7o LETA, (6)
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Where TLETARI is the total time loss for road Ri, LETASI
is the loss of expected time of arrival for segment Si, and n is the
total number of segments in Ri.

IV. EVALUATION OF APPROACHES

A. Dataset

Jeju vehicular traces [30] were used. Seongsin-ro 2-gil and
Gonghang-ro road are selected for implementation of the ID-
based and LETA methods for vehicular traffic congestion
detection. Jeju dataset was chosen because it has CAM data
properties, and its transmission timing is consistent at (1) second
intervals. Seongsin-ro 2-gil is a one-way road measuring 140.06
meters. At the same time, a part of Gonghang-ro, which is 101
meters in length, is also used. These routes were chosen since
they have a substantial number of trajectories, and their GPS
coordinates do not deviate from the actual road map. The Jeju
dataset contains kinematic information collected from vehicles,
with 5000 seconds of heterogeneous vehicle simulation traces
totaling 8,495,739 traces. The dataset is generated using the
SUMO simulator.

B. Data Preprocessing

Working with GPS trajectories requires preprocessing, as
some of the GPS points may deviate from the actual road map.
Inaccurate results could arise from anomalies and mistakes if
preprocessing were not done [8]. Seongsin-ro 2-gil and
Gonghang-ro GPS points (trajectories) were matched on Google
Maps. The actual road and the GPS position coincided.

C. ID-Based Results

1) Seongsin-ro: To evaluate the effectiveness of the ID-
based congestion detection method, a comparison was made
with the speed threshold [28] and the microscopic congestion
detection protocol (MCDP) [31]. MCDP used vehicle
information to calculate the number of vehicles and the time
headway between them. If the time headway is less than two
seconds, congestion occurs. At the same time, the 1D-based
method calculates the vehicle's speed based on the distance it
covers and compares it with the speed threshold, i.e., 8.33 m/s.

Since the ID-based method was developed to determine
whether congestion exists, the number of detection points was
used as a metric; the number of detection points is the total
number of points where congestion has been identified. This
enables a comparison of two congestion detection systems to
determine which one has the highest detection rate.

Fig. 3 illustrates the comparison results for an 8.33-meter
segment length. The results reveal that both the ID-based speed
threshold and the headway-based approach recorded similar
patterns. It can be observed that both ID-based and speed
thresholds recorded almost the same congestion detection values
for all 16 segments. At the same time, a little difference was
observed with the headway-based detection method.
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Combined Results for Seongsin-ro 2-gil with Segment Length 8.33
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Fig. 3. Shows a comparison between 1D-based, speed threshold, and time
headway-based results for an 8.33-meter segment length.

Fig. 4 compares the results of ID-based, speed threshold, and
headway-based methods using a segment length of 16.66
meters. Both methods recorded a detection point of less than 200
at the first segment, i.e., segment 0, with the 1D-based and speed
threshold methods being slightly lower than the headway-based
method. In both the eight (8) segments, it is clearly shown that
ID-based and speed threshold recorded lower detection
compared to the headway-based method. It is also notably clear
that the 1D-based method recorded low detection in comparison
to the speed threshold, especially from segment two onward,
even though the difference is minimal. This means the base
congestion detection method can detect actual (true) congestion.

Combined Results for Seangsin-ro 2-gil with Segment Length 16.66
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Fig. 4. Shows a comparison of results of headway-based, speed threshold,
and ID-based for a 16.66-meter segment length.

Fig. 5 shows a comparison of the ID-based speed threshold
and headway-based results for a 24.99-meter segment length. As
can be observed, only at the segmentO speed threshold did the
detection point go below that of the ID-based method. Even
though the difference is minor, in the rest of the segments 1 to
3, it is seen that 1D-based recorded lower detection than speed
threshold and headway-based.
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Combined Results for Seongsin-ro 2-gil with Segment Length 24.99
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Fig. 5. Shows a comparison of headway-based, speed threshold, and ID-
based results for the length of a 24.99-meter segment.

2) Gonghang-ro road: To validate the effectiveness of the
base congestion detection method, another road was also
considered. Vehicular traces from the Gonghang-ro road are
also used to evaluate the ID-based detection method. Fig. 6
compares ID-based results with speed threshold and time
headway-based for the 8.33-meter segment length. Congestion
detection points are shown for each segment. Segment 0 marks
the beginning of the road for all segment lengths.

It can be seen from the results in Fig. 6 that the detection
points fluctuate over the segments, with segment 11 recording
the lowest values for all the detection methods. The results
reveal that with an 8.33-meter segment length, both methods
observe the same pattern, with the headway-based method
reporting higher detection points than the 1D-based and speed
threshold. Though the difference between ID-based and speed
threshold is not significant, ID-based reported lower detection
points.

Combined Results for Part of Gonghang-ro with Segment Length 8.33

250 |

Detection Points

Fig. 6. Congestion detection comparison of the three detection methods
using segment lengths of 8.33-meter.
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Combined Results for Part of Gonghang-ro with Segment Length 16.66
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Fig. 7. Congestion detection comparison of the three detection methods
using segment lengths of 16.66-meter.

The results in Fig. 7 showed a steady increase in detection
points from the first to the last segment for the headway-based
method, while ID-based and speed threshold observed a sharp
drop in segment 2, then continued to rise till the last segment.
With a 16.66-meter length, a clear varying result was observed.
Headway has the highest detection points for all six segments,
followed by speed threshold, and ID-based has the least.

Similar to results with 16.66-meter segment length, results
with 24.99-meter segment length also recorded a drop of
detection points on segment 1, as shown in Fig. 8. It was
observed that there is a significant difference between the three
congestion detection methods in terms of detection points for a
24.99-meter segment length in all four segments.

Combined Results for Part of Ganghang-ro with Segment Length 24.99

1550 + —
1540 —— -

£ 15201

1510 /
1500 1
—
& & & &
s ¢ ¢ ¢
o o o &
men

Fig. 8. Congestion detection comparison of the three detection methods
using segment lengths of 24.99-meter.

Overall, the results presented show that the 1D-based road
traffic congestion detection system performed better than the
speed threshold (Ahmed, Shariff, and Abubakar, 2024) and
headway-based (Ahmad, Chen, and Khan, 2018) in identifying
actual congestion in all three different scenarios (8.33m,
16.66m, and 24.99m). ID-based creates a two-layer check by
combining density estimation with the speed threshold
technique. The ID-based approach employs density estimates to
identify congestion that is not bogus congestion after verifying
it with a speed threshold.
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D. LETA Results

A comparison of the three scenarios—at 8.33meters,
16.66meters, and 24.99 meters—is shown in Fig. 9. The findings
indicate that while ETA and ATA are all influenced by speed
and the distance between the source and the destination,
segments with a length of 24.99 meters have the most significant
LETA values in all the segments. The longer the segment
distance, the greater the density of the vehicles. Segment O has
the lowest LETA value in the 24.99 and 16.66 scenarios, as
compared to the 8.33-meter scenario, where segment 1 has the
lowest LETA value.

Average LETA Values Across Different Segment length
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Fig. 9. LETA results over segments for all three scenarios.

A fine-grained LETA study is made feasible by calculating
LETA for ten carefully selected vehicles, ensuring that the
analysis focuses on specific entities of interest. To produce a
combination of the most and least crowded vehicles, ten (10)
vehicles were chosen, five with the most traces and five with the
fewest. The 10 chosen vehicles are tested in 24.99-meter
segments.

Fig. 10 shows the LETA findings for ten (10) chosen
automobiles during the simulated period. According to the
findings, the LETA of several vehicles, including the JTr450,
JBr450, JTx973, JPs973, and JTr832, grows dramatically over
time. These are the vehicles with the most traces, and the spikes
represent occasions when the vehicles lose a significant amount
of time owing to traffic congestion they encountered throughout
time. The 5000 to 15000 second LETA spikes observed by
several vehicles may represent periods when most vehicles lose
time due to traffic or driver behavior. These spikes can indicate
specific places or periods of significant traffic congestion.

Throughout the observed time period, vehicles such as
JPs967, JTx688, and JPs688 consistently displayed low LETA
values, implying that they did not waste much time and most
likely moved faster in the absence of significant traffic
congestion. All vehicles exhibit low LETA values toward the
end of the time period, indicating that they either arrived at their
destinations, exited congested regions, or experienced less
traffic near the end of their journey.
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LETA Over Time for 10 Selected Vehicles
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Fig. 10. LETA results of 10 selected vehicles for the entire simulation time.
Average LETA for 10 Selected Vehicles Across Segments
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Fig. 11. LETA results of 10 selected vehicles over the segment.

LETA results of the ten (10) selected vehicles are plotted
against segments, as illustrated in Fig. 11. The graph depicts the
average LETA measurements for 10 distinct vehicles over five
(5) road segments of length 24.99. The figure depicts how each
vehicle's LETA patterns vary across the segments. Five of the
vehicles had a high LETA value, indicating a significant loss of
expected arrival time, whilst the remaining five had a
continuously low LETA value, indicating smooth movement
with little time loss.

Fig. 11 also shows that JPs967, JTx688, JPs688, JTx127, and
JTx967 vehicles have a flat trend or almost no decrease in
expected time of arrival throughout all segments, with
consistently low LETA values, indicating that these vehicles met
less traffic on all road segments. Furthermore, Fig. 11 shows that
some segments, particularly segments 1 and 2, have higher
average LETA values for numerous vehicles, implying that
these segments are congested.

Five vehicles with the lowest LETA values and five vehicles
with the highest LETA values were analyzed independently to
further analyze the results displayed. Fig. 12 depicts the average
LETA for five vehicles chosen, as having the lowest LETA
along various road segments.
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Auerage LETA for 10 Selected Vehicles Across Sagments
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Fig. 12. LETA results of 5 selected vehicles with the least traffic traces.

Fig. 12 shows that each vehicle's LETA decreases
significantly from segment O to segment 2. This suggests that
traffic conditions improved throughout the route since the
vehicles' LETA reduced as congestion lessened along the road
segments. Only segment 0 of the four vehicles had a LETA
value of less than 1 second, while JPs967 had a LETA value
greater than 1 second. Between segment 0 and segment 1, the
LETA for all vehicles declined by 0.47, and from segment 2 to
segment 4, the LETA values for most vehicles remained
reasonably steady.

At segment 0, JTx967 has the highest LETA; however, after
segment 1, it drops rapidly and stabilizes. Vehicles JTx688 and
JPs688 follow similar trajectories, with LETA from Segmentl
stabilizing at around 0.2 seconds. JPs967 rises somewhat in
Segment 4, but JTx127 and JPs967 continue their downward
trajectory.

Overall, the decrease in LETA for each vehicle from
segment 0 to segment 1 indicates that the vehicles first
encountered traffic, which then subsided after segment 1. In
other words, when there was traffic, vehicles moved onto the
road, and the bottleneck ultimately disappeared.

Average LETA for 10 Selected Vehicles Across Segments
vehicle D
- por3
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Fig. 13. LETA results of 5 selected vehicles with the most traffic traces.

Fig. 13 displays the average LETA for segment 0 to 4 for the
five most congested vehicles (JPs973, JTx973, JTr450, JTr832,
and JBs450). The findings shed light on how these vehicles lose
LETA when traveling through various parts, whether due to
traffic bottlenecks, poor road conditions, or driver conduct.
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Fig. 13 indicates that the LETA trend for JBs450 cars is
increasing steadily from segment 0 to segment 4, with a
particularly noteworthy leap between segment 3 (8413s) and
segment 4 (15034s). JTr450 began in segment 0 with a
reasonably high LETA value of 2523s, increased to 12271 in
segment 2, and then dropped to a low of 7 seconds in segment
4. Vehicle JTr832's LETA grows from 2 seconds in segment 0
to a maximum of 9058 in segment 2, following which it rapidly
declines in segment 3 to 4, with segment 4 recording a LETA of
5 seconds.
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In segment 0, the JTx973 vehicle had a high LETA value of
7299s. In segment 1, it increased to 7894s, whereas in segment
4, it reduced to 16 seconds. In segment 0, JPs973 has the highest
LETA value of 9851s. In segment 1, it climbs to 13416s,
whereas segment 3 and segment 4 dip and rise by 3s and 1381s,
respectively. Some vehicles experienced increased LETA as
they progressed, while others saw LETA drop at the end of their
journey. The trend inconsistencies in Fig. 13 suggest that
vehicles suffered LETA at different times and segments.

TABLE I1. LETA VALUES FOR ALL TEN VEHICLES ACROSS THE SEGMENTS AND THE TOTAL LETA
Segment0 Segmentl Segment2 Segment3 Segment4 Total LETA
jPs967 0.92 0.17 0.16 0.125 0.085 1.46
jTx688 1.143333 0.195 0.135 0.14 0.235 1.85
jPs688 1.213333 0.33 0.115 0.125 0.11 1.89
jTx127 1.343333 041 0.19 0.175 0.12 2.24
jTx967 1.433333 0.47 0.18 0.125 0.075 2.28
jTx973 7299.101 7894.033 5157.802 6.00875 16.84625 20373.79
jTr450 2523.266 3694.31 12271.22 3724.643 7.425 22220.86
jTr832 2.32 8368.568 9058.859 6604.972 5.02 24039.74
jPs973 9851.517 13416.29 9776.06 3.063333 1381.45 34428.38
jBs450 5.62 7243.885 8006.662 8413.615 15034.56 38704.34

Table 1l displays the LETA values for each segment of the
ten vehicles, as well as the total LETA for the entire trip. As
previously stated, the table shows that the LETA values for
vehicles JTx973, JTr450, JTr832, JPs973, and JBs450 are
significantly higher than those for the other vehicles. While the
remaining vehicles maintain LETAs below three seconds across
all segments, some vehicles have LETAs in the thousands of
seconds.

The table also shows that, with a total LETA of 38,704.34
seconds, vehicle JBs450 has the most significant overall time
loss across all segments. Surprisingly, the LETA of 15,034.56
seconds is very high in segment 4. Vehicle JPs967, on the other
hand, has the least loss of expected time of arrival throughout all
segments, with a total LETA of only 1.46 seconds.

E. Discussion

The ID-based results presented showed great improvement
compared to MCDP and speed-based congestion detection
methods. This is because of the 1D-based congestion detection
method check vehicle speed and density in order to ascertain
congestion on the road segment. It also clear that segment length
has a significant impact on 1D-based congestion detection, with
a 24.99-meter segment length presenting the best performance
result of ID-based. Additionally, the results illustrated that a
longer segment length allows the I1D-based congestion detection
system to accurately check for vehicle density, whereas a shorter
segment length limits the system's ability to detect congestion
using vehicle density. Consequently, the results clearly reveal
that segment length has a significant effect on congestion
detection.

LETA provided a positive result. A basic method of
monitoring traffic congestion in relation to vehicle destination.
This provided motorists with awareness and temporal
comprehension of their trip by taking into account their arrival
time.

These two ways are simple to implement in the RSU of the
ITS infrastructure, since it is built on the current V2X
communication protocol. Both ID-based and LETA were
developed to employ vehicle information, whereas ITS allows
vehicles to communicate kinematic information, resulting in no
communication overhead.

V. CONCLUSION AND FUTURE WORK

This study developed an ID-based congestion detection
method that monitored vehicles' speed and density and loss of
expected time of arrival on road segments. ID-based congestion
detection method utilizes a vehicle's ID and trajectories
contained in vehicular messages. Roads were divided into
lengths of 8.33 meters, 16.66 meters, and 24.99 meters using
vehicle trajectories. According to experimental results, the ID-
based congestion detection method detects actual (true) traffic
congestion with long segment lengths.

The ID-based congestion detection system combined the
concept of speed threshold congestion detection with density
monitoring and was applied to road segments to monitor traffic
congestion. Its performance was evaluated against the speed
threshold and MCDP congestion detection method. The results
presented show that the ID-based congestion detection method
detects congestion more accurately. Speed threshold and MCDP
detect false congestion when compared with the ID-based

344|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

congestion detection method. This work shows that by using two
or more congestion detection metrics, traffic congestion can be
accurately detected.

This work also defines and calculates LETA by taking into
account segment length, vehicle speed, and the road
recommended speed. The vehicle's LETA was displayed, as well
as their overall LETA for the trip. The results demonstrate that
LETA can be an effective measure of traffic congestion because
it displays to the motorist how much time they are losing or
gaining.

This accomplishment is practical enough to be utilized in
road design, moving object monitoring, and might be adapted to
analyze traffic congestion in the city. To improve the ID-based
congestion detection method accuracy, vehicle density
monitoring must take into account the road segment length.

REFERENCES

[1] Y. Joshi, A. Joshi, N. Tayade, P. Shinde, S. Rokade, and A. Professor,
“IoT Based Smart Traffic Density Alarming Indicator,” Int. Res. J. Eng.
Technol., vol. 3, no. 10, pp. 1086-1089, 2016, Accessed: Aug. 01, 2021.
[Online]. Available: www.irjet.net.

[2] J. C. Falcocchio and H. S. Levinson, “Road Traffic Congestion: A
Concise Guide,” Springer Tracts Transp. Traffic, vol. 7, pp. 159-182,
2015, doi: 10.1007/978-3-319-15165-6.

[3] ETSI, “ETSI TS 102 894-1 V1.1.1 - Intelligent Transport System (ITS);
Users & Applications requirements; [Facility layer structure, functional
requirements and specifications;],” 2013.

[4] C. F. Daganzo, “The cell transmission model, part II: Network traffic,”
Transp. Res. Part B Methodol., vol. 29, no. 2, pp. 79-93, Apr. 1995, doi:
10.1016/0191-2615(94)00022-R.

[5] S. P. A. Alewijnse, K. Buchin, M. Buchin, S. Sijben, and M. A.
Westenberg, “Model-Based Segmentation and Classification of
Trajectories,” Algorithmica, vol. 80, no. 8, pp. 2422-2452, 2018, doi:
10.1007/s00453-017-0329-x.

[6] G.Reyes, L. Lanzarini, W. Hasperué, and A. F. Bariviera, “GPS trajectory
clustering method for decision making on intelligent transportation
systems,” J. Intell. Fuzzy Syst., vol. 38, no. 5, pp. 5529-5535, 2020, doi:
10.3233/JIFS-179644.

[7]1 S. Guo, X. Li, W. K. Ching, R. Dan, W. K. Li, and Z. Zhang, “GPS
trajectory data segmentation based on probabilistic logic,” Int. J. Approx.
Reason., vol. 103, pp. 227-247, 2018, doi: 10.1016/j.ijar.2018.09.008.

[8] L. Zhu,J. R. Holden, and J. D. Gonder, “Trajectory segmentation map-
matching approach for large-scale, high-resolution GPS data,” Transp.
Res. Rec., vol. 2645, no. 1, pp. 67-75., 2017, doi: 10.3141/2645-08.

[9] M. Buchin, A. Driemel, M. van Kreveld, and V. Sacristan, “Segmenting
trajectories: A framework and algorithms using spatiotemporal criteria,”
J. Spat. Inf. Sci, vol. 3, no. 2011, pp. 33-63, 2011, doi:
10.5311/J0SIS.2011.3.66.

[10] J. Ren, Y. Chen, L. Xin, J. Shi, B. Li, and Y. Liu, “Detecting and
positioning of traffic incidents via video-based analysis of traffic states in
a road segment,” IET Intell. Transp. Syst., vol. 10, no. 6, pp. 428-437,
Aug. 2016, doi: 10.1049/IET-ITS.2015.0022.

[11] M. Bani Younes and A. Boukerche, “A performance evaluation of an
efficient traffic congestion detection protocol (ECODE) for intelligent
transportation systems,” Ad Hoc Networks, vol. 24, no. PA, pp. 317-336,
Jan. 2015, doi: 10.1016/J.ADHOC.2014.09.005.

[12] Q. Yuan, Z. Liu, J. Li, J. Zhang, and F. Yang, “A traffic congestion
detection and information dissemination scheme for urban expressways
using vehicular networks,” Transp. Res. Part C Emerg. Technol., vol. 47,
no. P2, pp. 114-127, 2014, doi: 10.1016/j.trc.2014.08.001.

[13] R. Wang, Z. Xu, X. Zhao, and J. Hu, “V2V-based method for the detection
of road traffic congestion,” IET Intell. Transp. Syst., vol. 13, no. 5, pp.
880-885, 2019, doi: 10.1049/iet-its.2018.5177.

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

Vol. 16, No. 8, 2025

Y. Chen, C. Chen, Q. Wu, J. Ma, G. Zhang, and J. Milton, “Spatial-
temporal traffic congestion identification and correlation extraction using
floating car data,” J. Intell. Transp. Syst. Technol. Planning, Oper., pp. 1-
18, 2020, doi: 10.1080/15472450.2020.1790364.

A. Annamalai, A. S. A, and R. Y. Rao, “A Review on Traffic Congestion
Detection Methodologies and Tools VANET-ITS for India View project
A Review on Traffic Congestion Detection Methodologies and Tools,”
Int. J. Adv. Sci. Technol., vol. 28, no. 16, pp. 1400-1414, 2019, Accessed:
Aug. 08, 2023. [Online]. Available:
https://www.researchgate.net/publication/340378792.

T. Afrin and N. Yodo, “A survey of road traffic congestion measures
towards a sustainable and resilient transportation system,” Sustain., vol.
12, no. 11, pp. 1-23, 2020, doi: 10.3390/su12114660.

D. Satrinia and G. A. P. Saptawati, “Traffic speed prediction from GPS
data of taxi trip using support vector regression,” Proc. 2017 Int. Conf.
Data Softw. Eng. ICoDSE 2017, vol. 2018-Janua, pp. 1-6, 2018, doi:
10.1109/ICODSE.2017.8285869.

R. Bauza and J. Gozalvez, “Traffic congestion detection in large-scale
scenarios using vehicle-to-vehicle communications,” J. Netw. Comput.
Appl., wvol. 36, no. 5 pp. 1295-1307, 2013, doi:
10.1016/j.jnca.2012.02.007.

R. Bauza, J. Gozalvez, and J. Sanchez-Soriano, “Road traffic congestion
detection through cooperative Vehicle-to-Vehicle communications,”
Proc. - Conf. Local Comput. Networks, LCN, pp. 606-612, 2010, doi:
10.1109/LCN.2010.5735780.

E. Zhang and X. Zhang, “Road Traffic Congestion Detecting by
VANETs,” in Proceedings of the 2nd International Conference on
Electrical and Electronic Engineering (EEE 2019), 2019, vol. 185, no.
Eee, pp. 242-248, doi: 10.2991/eee-19.2019.39.

Y. Shi, D. Wang, J. Tang, M. Deng, H. Liu, and B. Liu, “Detecting
spatiotemporal extents of traffic congestion: a density-based moving
object clustering approach,” Int. J. Geogr. Inf. Sci., vol. 35, no. 7, pp.
1449-1473, 2021, doi: 10.1080/13658816.2021.1905820.

B. K. Chaurasia, W. S. Manjoro, and M. Dhakar, “Traffic Congestion
Identification and Reduction,” Wirel. Pers. Commun., vol. 114, no. 2, pp.
1267-1286, Sep. 2020, doi: 10.1007/S11277-020-07420-0/METRICS.

G. Yannis and E. Michelaraki, “Review of City-Wide 30 km/h Speed
Limit Benefits in Europe,” Sustain. 2024, Vol. 16, Page 4382, vol. 16, no.
11, p. 4382, May 2024, doi: 10.3390/SU16114382.

G. Yannis and E. Michelaraki, “Effectiveness of 30 km/h speed limit — A
literature ~ review,” J.  Safety Res., Nov. 2024, doi:
10.1016/J.JSR.2024.11.003.

F. He, X. Yan, Y. Liu, and L. Ma, “A Traffic Congestion Assessment
Method for Urban Road Networks Based on Speed Performance Index,”
Procedia Eng., vol. 137, pp. 425-433, Jan. 2016, doi:
10.1016/j.proeng.2016.01.277.

X. Yang, F. Wang, Z. Bai, F. Xun, Y. Zhang, and X. Zhao, “Deep
learning-based congestion detection at urban intersections,” Sensors, vol.
21, no. 6, pp. 1-14, Mar. 2021, doi: 10.3390/s21062052.

Y. Zhang et al., “A Method for Traffic Congestion Clustering Judgment
Based on Grey Relational Analysis,” ISPRS Int. J. Geo-Information 2016,
Vol. 5, Page 71, vol. 5, no. 5, p. 71, May 2016, doi: 10.3390/1JG15050071.

M. A. Ahmed, A. R. M. Shariff, and S. Abubakar, “Long Term Traffic
Congestion Detection Method Based on Speed-Threshold,” Lect. Notes
Comput. Sci. (including Subser. Lect. Notes Artif. Intell. Lect. Notes
Bioinformatics), vol. 15427 LNCS, pp. 25-39, 2024, doi: 10.1007/978-3-
031-77003-6_3.

X. Liu and Y. Ban, “Uncovering Spatio-temporal cluster patterns using
massive floating car data,” ISPRS Int. J. Geo-Information, vol. 2, no. 2,
pp. 371-384, 2013, doi: 10.3390/ijgi2020371.

A. Mehmood and F. Mehmood, “Vehicular Trajectories from Jeju, South
Korea | IEEE DataPort,” |EEE DataPort, 2022. https://ieee-
dataport.org/documents/vehicular-trajectories-jeju-south-korea (accessed
Jul. 03, 2023).

M. Ahmad, Q. Chen, and Z. Khan, “Microscopic congestion detection
protocol in VANETs,” J. Adv. Transp.,, vol. 2018, 2018, doi:
10.1155/2018/6387063

345|Page

www.ijacsa.thesai.org



