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Abstract: Conventional fixed traffic detectors are limited to their installed locations and are unable to
collect general traffic information or monitor microscopic traffic flows. Mobile detectors overcome
spatial constraints by allowing the vehicle to act as a detector and can observe microscopic traffic flows
by collecting high-resolution trajectory data from individual vehicles. The objective of this study is to
estimate spatiotemporal traffic information based on the autonomous driving sensor headway distance
and to calculate the appropriate spatiotemporal interval according to the sampling rate. First, individual
vehicle trajectory data was collected, and a traffic information estimation was established. Travel speed
was calculated based on generalized definitions, and its estimation and errors were analyzed. In
addition, the appropriate spatiotemporal interval according to cell size, time interval, and sampling rate
was analyzed. The analysis demonstrated that the estimation accuracy was improved by cell size, time
interval, and sampling rate. Based on this, the appropriate time and space to minimize the error rate
were calculated considering the sampling rate. When the sampling rate was 40% or more, the error
rate was 5% or less in all time and space; however, error rate differences occurred in several cases at
sampling rates below 40%. These results are anticipated for efficient management of collecting,
processing and providing traffic information.
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Abbreviations: GPS: global positioning system; MAPE: mean absolute percentage error; NGSIM:
next generation simulation; RMSE: root mean square error

1. Introduction

Traffic conditions need to be accurately perceived in real-time to maintain efficient traffic flow
and ensure safety. Travel speed is an important indicator for both road users and network managers
because it allows traffic conditions to be intuitively identified and is directly related to traffic
congestion. It has a significant impact on road users’ choice of travel modes and routes and helps
network managers establish policies using real-time monitoring of overall traffic flow and history data.

However, most travel speed information has been collected and generated by fixed detectors
based on spot or section measurements. Limitations exist in collecting traffic information for spots or
sections where detectors are not installed. Spot measurement calculates the instantaneous speed
information of vehicles passing through a specific spot and converts it into the travel speed information
of the section unit through the average value of the instantaneous speeds based on simplicity and
scalability [1,2]. The traffic information collected through section measurements generates speed
information through the time that vehicles take to travel from the start to the end of the section.
However, traffic information can be generated only when the section is completely traversed from the
start to the end, and travelers receive only macroscopic traffic information as the length of the section
increases [3—7]. Therefore, the traffic information collected through fixed detectors generates
inaccurate information during traffic congestion [1], suffers from a time lag, and has limitations in
generating precise travel speed information at the lane level.

Probe vehicles equipped with global positioning system (GPS) sensors can act as mobile detectors.
They can overcome the limitations in areas where there are no fixed detectors because they serve as
mobile detectors. However, GPS sensors commercialized at the consumer level have limitations in
precise lane-level positioning [8]. Nevertheless, numerous studies have proposed the possibility of
precise lane-level positioning by combining GPS and other sensing equipment data [9-12]. In
particular, Peng et al. [10] proposed a method of accurately estimating relative trajectories at the lane
level through dedicated short-range communication with nearby vehicles using GPS receivers. These
results show the possibility of generating spatiotemporal traffic information at a more microscopic
level than that generated through fixed detectors. In addition, as autonomous vehicles become more
commercially viable, they will share the road with conventional vehicles, and traffic safety issues in
the mixed traffic flow can be investigated [13—15]. Additionally, one study designed DGCRIN as a
tool to impute missing traffic data [16]. Another study proposed MPGCN, a multi-pattern passenger
flow prediction framework based on a graph convolutional network, to analyze detailed traffic patterns
and learn knowledge about human mobility [17]. In this study, mixed traffic flow refers to a situation
where autonomous vehicles and regular vehicles are mixed, and the probe vehicle was assumed to be
an autonomous one. In particular, the frequency of conflicts will increase owing to interactions
between vehicles under traffic congestion conditions. Thus, precise traffic information at a microscopic
level is required for safe and efficient traffic monitoring under such conditions.

Previous literature on travel speed estimation indicated that spatiotemporal intervals are closely
related to the reliability of traffic information, thus making it necessary to calculate appropriate
intervals. In numerous studies, appropriate time intervals were calculated; however, spatial intervals
were not considered. Studies that use high-resolution traffic data have been conducted, as the data from
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autonomous vehicles will be used in addition to GPS data in the mixed traffic flow [18-22]. In such
studies, traffic information was estimated by detecting the movement of nearby vehicles using onboard
devices such as advanced driver assistance systems, radar, light detection and ranging, and cameras;
however, appropriate spatiotemporal intervals could not be calculated.

Additionally, in previous literature, travel speed was calculated based on Al algorithms. This
approach can only produce good results in traffic environments such as specific geometry, presence
and shape of ramps, traffic volume, and number of lanes. This means that the Al model’s results may
depend on specific geometry or traffic conditions. If road conditions can be managed using Al
techniques on all roads, more advanced traffic management may be possible. However, due to financial
limitations, it is only applicable to certain geometries. The generalized definition of Edie can
accurately collect road condition information without being limited to road characteristics [23].
Based on Edie research, we described a mechanism for calculating appropriate space-time intervals
that can be universally applied to all roads, not limited to specific roads.

Therefore, we aim to investigate different sampling rates of probe vehicles in mixed traffic flow
to estimate spatiotemporal travel speed. First, spatiotemporal cell-level traffic information at a
microscopic level is defined using GPS sensor data. The travel speed is then estimated, and its accuracy
is analyzed according to spatiotemporal intervals. Finally, appropriate spatiotemporal intervals are
calculated according to the sampling rate of probe vehicles, depending on estimation accuracy.
Additionally, next generation simulation (NGSIM) US-101 data that records actual traffic flow in the
form of location information is used and processed to estimate travel speed. The speed information is
calculated using the travel duration and distance of vehicles that occupied the preset cell (space-time)
area, with the estimation accuracy verified through the mean absolute percentage error (MAPE) and
root mean square error (RMSE).

The structure of this article is as follows: Section 2 explains the analysis methods used, including
data descriptions, cell-level traffic information definition, travel speed estimation scenario settings,
travel speed estimation, and error analysis. Section 3 interprets the results, including travel speed
estimation as a function of the sampling rate, cell size, and time interval, as well as appropriate
spatiotemporal interval calculations. Finally, in Section 4, the results are summarized and the
implications are discussed briefly.

2. Materials and methods
2.1. Data description

The spatial background of the NGSIM data used in this study is the US-101 highway located in
Los Angeles, CA, USA, as illustrated in Figures 1 and 2. It has a total analysis length of approximately
640 m and comprises five main lanes and one additional lane that connects to the on- and off-ramps.
For the temporal background, 45 min of data from 07:50 to 08:35 on June 15, 2005, were used. The
data column included basic vehicle, vehicle movement, and relationship information with other
vehicles, as listed in Table 1. The vehicle speed, location and acceleration were collected every 0.1 s.
The characteristics of the US-101 dataset include traffic oscillation (referred to as the stop-and-go
phenomenon), which negatively affects the overall traffic flow, including traffic congestion, capacity
reduction, delays, safety degradation, excessive fuel consumption, and exhaust gas emissions [24,25].
In the verified data, traffic oscillation is repeated at approximately 2 min intervals [26], with an
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oscillation wave speed of 16 km/h (4.44 m/s) transferred to the upstream section [26,27]. Therefore,
empirical studies related to traffic monitoring in a congested state that reflects more diverse traffic
patterns than a free-flow speed state are required [27].

Table 1. NGSIM data description.

Category Subcategory Column Unit
Individual vehicle Vehicle ID Number
Global time ms
Time Frame ID 0.1s
Basic vehicle information Total frames 0.1s
Vehicle length m
Vehicle information Vehicle width Number
Vehicle class Text
Local X m
Local Y m
) Location information Global X m
Vehicle movement
. . Global Y m
information . ) .
Lane identification Number
) ) Vehicle velocity m/s
Speed information . )
Vehicle acceleration m/s?
o ) Preceding Vehicle ID Number
. o . Front/rear vehicle information . )
Relationship information Following Vehicle ID Number
with other vehicles , i Space Headway m
Headway information )
Time Headway s

2.2. Cell-level traffic information definition

In this study, precise cell-level traffic information, in terms of time and space, was defined for the
preparation of mixed traffic flow with autonomous vehicles. The vehicle trajectory data in Figure 3 were
classified at more microscopic spatiotemporal intervals, with cell-level traffic information generated
based on existing vehicle trajectory information in the cell area. For the trajectory information of the
travel time and distance of all vehicles moving in the cell area, the traffic volume, density, and travel
speed were calculated using the generalized definition of Edie [23], using Eqgs (1)—(3), where q (A), k
(A), and v (A) are the traffic volume, density, and travel speed, respectively, of the cell 4 area. d,,(A)
and t,(A) are the travel distance and travel time of vehicle n in the cell area. N(A) is the total number
of vehicles that pass through the cell 4 area. |A| is the range of the cell area, meaning the product of
the time interval and the spatial interval of the cell area.
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Yne dn(4)
a(a) = B @ ()
Xn tn(4)
k(A) = % (2)
v(4) = Ynen(a) dn(4) (3)

Tnena) tn(4)

In the Mobile Millennium project, an empirical experiment was conducted to calculate road traffic
speed based on a probe vehicle equipped with GPS [28]. The study stated that the presence of only 5%
of probe vehicles is sufficient to calculate travel speed. However, since the space-time interval was set
to 6-mile and 5-min, it was possible to estimate with high accuracy with only 5% of probe vehicles. In
other words, if the space-time gap is large enough, it can be estimated based on the actual situation.
However, in situations where the space-time interval is low, there is a trade-off relationship where the
estimation accuracy drops significantly. Therefore, in this study, to analyze differences in accuracy,
they were classified according to space-time intervals in detail.

2.3. Scenario setting

The traffic conditions of all vehicles in one cell area must be made as homogeneous as possible [27].
If they are not homogeneous, the information that road users receive may differ significantly from the
actual information, owing to the different travel patterns of each vehicle in the cell area. The degree of
homogeneity is related to the size of the cell area, and homogeneous traffic conditions are grouped as
the size of the cell area decreases. In this study, the size of space-time was varied, with 144 (9 X 4 X
4 X 1) scenarios created, as listed in Table 2. The time interval range was set to 30, 60, 180 and 300 s,
while the spatial range was set to 20, 40, 80 and 160 m. In addition, for probe vehicles equipped with
GPS sensors, random sampling without replacement was performed by varying the sampling rate from
10-90% in intervals of 10%, with only the travel speed considered for the content range. Here, the
traffic volume and density were not considered because they were correlated with each other by the
size of the sampling rate and estimation accuracy [29]. The travel speed estimated through probe
vehicles was calculated through Eq (4). P(A4) indicates a probe vehicle that passes through the cell
A area.

_ ZneP(A) dn(4)
Ynep(a) tn(4)’

v(A) 4)

Table 2. Indicator definition.

Category Content Variable(s) Variable unit
Data acquisition range  Sampling rate 10-90% %
Spatial range Cell 20, 40, 80, 160 m

Temporal range
Content range

Time interval
Efficiency

30, 60, 180, 300
Travel speed

S
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2.4. Error analysis

A large amount of spatiotemporal cell-level traffic information was generated by varying the
sampling rate, time interval, and spatial interval in the trajectory information of randomly extracted
probe vehicles. The estimation error was calculated by comparing the cells of the same spatiotemporal
area with the entire trajectory and sample trajectory data, as illustrated in Figure 4. Figure 4(a) presents
the entire vehicle trajectories at a sampling rate of 100%. Figure 4(b) depicts estimated values
representing vehicle trajectories at a sampling rate of 30%. In addition, the intervals of ASpace and
ATime indicate the spatiotemporal intervals of preset cells, with (27,000 s/ATime) X (640
m/ASpace) X 5 (number of lanes) cells generated in a portion of spatiotemporal cell-level traffic
information. MAPE and RMSE calculations, as shown in Egs (5) and (6), were used to analyze the
estimation errors of all generated cells. MAPE represents the absolute error between the actual speed
and estimated speed as a percentage; a value close to 0% indicates high estimation accuracy without
bias. As we could not obtain the actual error value because the absolute error was calculated as a
percentage based on the true value, further analysis was conducted using RMSE. RMSE can represent
the error from the actual value. Here S is the actual speed of cell 7, I is the estimated speed of cell i,
and N is the total number of cells.

‘ Sample Rate: 100% _ Sample Rate: 30%
- ! wild Q Q
3 i 1 ¢z <
3l /i3 Cell | - Cell S
5o X 1B - 4
/ }
- Atime " g . Atime
Time (sec) Time (sec)
(a) (b)

Figure 4. Spatiotemporal diagram in lane 5 of the US-101: (a) Entire trajectory (sampling
rate = 100%); (b) Estimated trajectory (sampling rate = 30%).

MAPE = 203 |55 (5)

N Si

N &._c.
RMSE = |2=8izsd® (6)
N

The section detector calculates travel speed as the difference in travel time between two fixed
points. The travel speed is calculated as the ratio of the distance between two points and the time
difference between the vehicles passing two points. Moreover, Edie’s generalized definition utilized
in this study is calculated as the ratio of the time and distance traveled by all vehicles occupied within
a specific space-time region. The difference between the two methods is that in the section detector,
only vehicles that passed both points are used to calculate the travel speed, and in Edie’s generalized
definition, vehicles that occupy only a portion of a specific space-time region are also included in the
calculation of the travel speed. Additionally, because the section detector is based on the time
difference between two points, time-lag occurs. Finally, if the speed is estimated based on the section
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detector, the movement trajectory of the vehicle changing lanes will not be fully detected, and the
travel speed will be inaccurate in sections where lane changes occur regularly.

3. Results and discussion

In this study, cell-level traffic information was defined, and different scenarios were created by
varying the sampling rate and spatiotemporal intervals. The travel speed estimation accuracy for each
scenario was calculated using MAPE and RMSE. In this section, (i) the estimation error was analyzed
as a function of the sampling rate (%), spatial interval (ACell), and time interval (ATime), based on the
travel speed estimation results; and (ii) appropriate spatiotemporal intervals were calculated based on
the estimation error as a function of the sampling rate.

3.1. Travel speed as a function of the sampling rate (%)

The travel speed estimation accuracy improved as the sampling rate of probe vehicles increased,
as illustrated in Figure 5 and Table 3. Figure 5 presents the spatiotemporal travel speed estimation
results for each sampling rate and true values at ACell =20 m and ATime = 180 s. The numbers 1-5
on the x-axis indicate lanes, while the y-axis represents the distance. In addition, the repeated lanes on
the x-axis represent the travel speed information that changed with the preset time interval.

Table 3. Estimation errors by sampling rate when ATime = 180 s.

Sampling Rate (%) 10 20 30 40 50 60 70 80 90
0m MAPE (%) 12.843 8.712 6.548 5414 4472 3.500  2.742 2.087 1.292
RMSE (m/s)  1.415 3.208 2455 2.073 1.722 1.358 1.068 0.800  0.504
40m MAPE (%) 11.641 7.448 5.59 4.717 3.846 2992  2.368 1.782 1.144
RMSE (m/s)  1.301 2.807  2.094 1.796 1.493 1.165 0.919 0.683 0.425
%0 m MAPE (%) 9.909 6.193 4.672 4.024 3.296 2.519 1.953 1.503 0.953
RMSE (m/s)  1.125 2.303 1.738 1.508 1.260 0.979  0.759 0.577  0.349
160 m MAPE (%) 8.031 4.584  3.516 3.003 2.520 2.043 1.595 1.214  0.767

RMSE (ft/s) 2.998 1.720 1.322 1.158 0.952 0.768 0.612 0463  0.278

The travel speed estimation error rate was inversely proportional to the sampling rate and cell
size. First, in the case of 20 m cell units, the error rate was 12.84% for a sampling rate of 10%, 4.47%
for a sampling rate of 50%, and 1.29% for a sampling rate of 90%. When the cell size was kept constant,
the error rate appeared to decrease as the sampling rate increased. In addition, when the sampling rate
was 10%, the error rate was 12.843% when the cell size was at 20 m, 11.64% at 40 m, 9.91% at 80 m,
and 8.03% at 160 m. When the sampling rate remained constant, the error rate appeared to decrease as
the cell size increased. In summary, when the cell unit was 20 m and the sampling rate was 10%, the
error rate was the highest at 12.843%, and when the cell unit was 160 m and the sampling rate was 90%,
the error rate was the lowest at 0.278%. Therefore, it can be inferred that the accuracy of the travel speed
improved with the increasing sampling rate of the probe vehicle and also with increasing cell-unit spacing.
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Figure 5. Spatiotemporal travel speed by sampling rate at ACell =20 m and ATime = 180
s: (a) Ground truth; (b) Sampling rate 10%; (c) Sampling rate 20%:; (d) Sampling rate 30%.
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Figure 6. Scatter plot at sampling rate of 10% and ATime = 180 s (MAPE, RMSE): (a)
ACell =20 m (12.84%, 1.414 m/s); (b) ACell =40 m (11.64%, 1.302 m/s); (c) ACell =80
m (9.91%, 1.125 m/s); (d) ACell = 160 m (8.03%, 0.914 m/s).
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Figure 6 illustrates a scatter plot of the estimated speed and actual speed when the sampling
rate was 10%. When the cell unit was 20, 40, 80, and 160 m, the accuracy was approximately 87.1,
88.3, 90.9 and 91.9%, respectively. The standard deviation of the estimated speed was large; however,
it decreased as the cell unit increased in size. Therefore, it can be inferred that the estimation error
decreased as the cell unit increased in size.
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Figure 7. Scatter plot at sampling rate of 30% and ATime = 180 s (MAPE, RMSE): (a)
ACell =20 m (6.55%, 0.75 m/s); (b) ACell =40 m (5.60%, 0.637 m/s); (c) ACell =80 m
(4.67%, 0.53 m/s); (d) ACell =160 m (3.52%, 0.402 m/s).

Figure 7 shows a scatter plot of the estimated speed and actual speed when the sampling rate
was 30%. When the cell unit was 20, 40, 80 and 160 m, the accuracy was approximately 93.4, 94.4, 95.3
and 96.4%, respectively. Therefore, it can be inferred that the estimation error decreased as the cell
unit increased in size. In addition, the estimation error was found to be within 6.5% at a cell size
of 20-160 m.

3.2. Travel speed as a function of time interval

Figure 8 presents the result of estimating travel speed over time. First, as illustrated in Figure 8(a),
when the cell unit is 20 m, the travel speed estimation error is inversely proportional to the time interval.
Additionally, when the sampling rate was 30-90%, the error was found to be less than 10% regardless
of the time interval. It was classified into Mo with an MAPE of 10% or more at 30, 60, 180 and 300 s
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and a sampling rate of 10%, and at 30 and 60 s and a sampling rate of 20%. M was classified as
having an MAPE of 5-10% at 180 and 300 s and a sampling rate of 20%, at 30, 60, 180 and 300 s and
a sampling rate of 30% at 30, 60, and 180 s with a sampling rate of 40%. MAPE was found to be My
when less than 5% at 300 s at a sampling rate of 40% and 30, 60, 180 and 300 s at a sampling rate
of 50-100%. As illustrated in Figure 8(b), when the sample cell unit is 40 m, the travel speed error rate
was found to be 10% or less regardless of time, except for 30 s at a sampling rate of 20-90%. Ma was
analyzed at a sampling rate of 10% at 30, 60, 180 and 300 s and at 20% at 30 s. M3 was found for 60, 180
and 300 s with a sampling rate of 20%, 30, 60, 180 and 300 s with a sampling rate of 30%, and 30
and 60 s with a sampling rate of 40%. 180 and 300 s with a sampling rate of 40% and 30, 60, 180 and 300
s with a sampling rate of 50 to 100% were investigated as My. As in Figure 8(c),(d), when the cell unit
was 80 and 160 m, the error rate was M and My of less than 10%, except for 30, and 60 s with a
sampling rate of 10%. In summary, when the sampling rate was 30-90%, the estimation error was < 10%
for all time intervals, and when the sampling rate was 10-20%, the estimation error was > 10%, and
the variation in estimation error over time was large. It can be inferred that as the cell unit increased,
the effect of sampling rate and time on the error rate decreased.
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Figure 8. Traffic speed estimation results as a function of time interval for each cell unit: (a) ACell
=20 m; (b) ACell =40 m; (c) ACell =80 m; (d) ACell =160 m.(Ma: MAPE > 10%, MB: MAPE
5-10%, My: MAPE < 5%)
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3.3. Calculation of spatiotemporal intervals

The estimation accuracy results were analyzed by sampling rate, cell size, and time interval, as
shown in Figure 9, which demonstrates that the MAPE decreased as the sampling rate increased. In
addition, the RMSE decreased as the sampling rate increased. Figure 9(b) shows the error rate as a
function of cell unit size, which shows that the MAPE decreases as the cell unit size increases. In
addition, the RMSE was found to decrease as the cell unit size increased. Figure 9(c) is a box plot of
the MAPE and RMSE for different time intervals, and it can be inferred that the accuracy of the
estimation increased as the time interval increased. In summary, the accuracy of the estimation
increased as the time interval, cell size, and sampling rate increased.
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Figure 9. MAPE and RSME changes as a function of sampling rate, cell size, and time
interval: (a) MAPE, RMSE as a function of sampling rate; (b) MAPE, RMSE as a function
of cell size; (c) MAPE, RMSE as a function of time interval.
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Figure 10 shows the estimation accuracy as a function of sampling rate, cell unit size, and time

interval, categorized as good (< 5%), average (5-10%), or bad (> 10%). Additionally, S1 was classified
into 30, 60, 180 and 300 s; S2 was classified into 60, 180 and 300 s; S3 was classified into 180, 300 s
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and S4 was classified into 300 s. First, 80 and 160 m with a sampling rate > 50% or 30—40% were
classified as good and corresponded to S1. Cell sizes of 20 and 40 m with a sampling rate of 10% were
classified as poor and corresponded to S4. The remaining sections were classified as normal and fell
into S1, S2 and S3. In summary, when the sampling rate was 10-20%, the estimation error was
classified as poor or average depending on the time interval and cell size. When the sampling rate was
30—40%, the estimation error was classified as average or good, depending on the time interval and
cell size. For sampling rates > 50%, the estimation error was classified as good, depending on the time
interval and cell size. Therefore, in this study, a sampling rate of 10%, a cell size of 80 or 160 m, and
a time interval of 180 or 300 s/cell were judged to be appropriate space-time intervals. In addition,
when the sampling rate was 20-40%, the appropriate space-time interval depending on the section is as
shown in Figure 10, and when it is 50% or more, it is inferred that all space-time intervals are appropriate.

4. Conclusions

The results of this study can be summarized as follows: First, cell-level traffic information in
mixed traffic flow considering lanes, unit sections, and time intervals was defined using GPS sensor
data. Second, low estimation accuracy was observed at low sampling rates because the value was
overestimated or underestimated owing to the insufficient amount of data in the cell area. However,
when the cell size and spatiotemporal intervals were large, a high estimation accuracy of 92.8% or
higher was confirmed from a sampling rate of 10%. Third, appropriate spatiotemporal intervals were
calculated considering the sampling rate, time interval, cell size, and estimation error. Based on these
experimental results, the possibility of estimating spatiotemporal cell-level traffic information using
the location information of probe vehicles equipped with GPS sensors was presented. This information
promises to be at a more microscopic level than the traffic information of the conventional node/link
system. These findings will contribute to efficient and safe traffic control operations in mixed traffic
flow with conventional and autonomous vehicles in the future. Microscopic traffic information is
needed for vehicles to travel safely and quickly on the road. Therefore, results on the appropriate space-
time interval with high accuracy to estimate cell-level traffic speed can provide necessary information
to vehicles and promote efficient operation by managers. In this study, the estimation accuracy was
significantly varied depending on the spatiotemporal intervals at low sampling rates (10-30%) because
the travel speed was estimated using the generalized travel speed. Therefore, further studies should
investigate measures to improve the estimation accuracy from a low sampling rate through the travel
speed calculated by applying different algorithms.
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