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Abstract; Travel time distribution is an essential tool for measuring urban traffic performance, a subject that has been studied

for decades. This paper conducts a comprehensive investigation of two types of travel time distributions using extensive license

plate recognition data from Automatic Number Plate Recognition techniques on four signalized arterials in Guiyang, China. The

travel time plane distributions presented in the overlay charts of observed travel times usually exhibit significant stratified data

strips. When considering signal schemes, we observe that the cycle times of the first upstream and last downstream intersections

are the determining factors for the data patterns of travel time plane distributions. We also investigate the characteristics of single

or multiple peaks within various departure time windows. The results indicate that travel time statistical distributions are more

likely to exhibit multiple states under short time windows. As for the shapes of travel time statistical distributions, skewness and

kurtosis are used as descriptive statistics. The results show that the majority of statistical distributions are positively skewed and

leptokurtic, and the skewness is highly correlated with the kurtosis. A stable skewness and kurtosis at a relatively lower level

may be caused by lower travel time reliabilities.

Key words: traffic engineering; travel time distribution; urban roads; signalized intersections; license plate recognition data;

ANPR cameras

1 Introduction

The distribution travel time is a crucial factor esti-
matiing and predicting travel time reliability on urban
roads. Research on fitting various kinds of continuous
distributions to observed travel time data began decades
ago. The choice of distribution forms often depends on
the observed properties of the field data. Initally, the
normal distribution was considered the most suitable
form. However, increasing studies have found that
skewed distributions, such as the lognormal distribution,
Weibull distribution, Gamma distribution, better fit the
observed travel times''. For example, SUSILAWATI
demonstrated the Burr distribution can better fit the posi-
tive-skewed travel times, and road lengths and saturation
degrees can influence the shapes of distributions >,
DELHOME’ research suggests that the Halphen distribu-
tion also performs well when fitting the real data with
long tails and positive skewness'®'. CAO and SRINIVA-
SAN adopted truncated and the shifted forms of distribu-

tions to match field data considering of non-negative trav-

el times, demonstrating the superiority of these modified
forms over the original forms'™™®'.

Later, mixed models were proposed when multistate
travel times were discovered. The common method to ob-
serve the multimodality of a distribution is to visualize
observed travel times by plotting frequency distribution
histograms. Besides, a mathematical technique called
the Hartigan dip test is used to test for multimodali-

[5.9-10] g

ty ome studies point out that the two-component

mixture normal distribution is useful in modeling the ob-

5,11-13]

served datal Moreover, normal mixture distribu-

tions with more than two components have also been
[14-16]
used .

ness can be simultaneously captured using with mixed

GUO suggests that multimodality and skew-

lognormal distributions, concluding that the main factors
causing skewness are be uneven distributions between

different traffic states and within the same traffic

[14]

state Chen adopts mixed forms of normal distribu-

tion, lognormal distribution, and other types of distribu-
tions to fit observed travel times''"’.

Some studies try different kinds of models to find the
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most appropriate one for the travel time data in different
9182 CHAIL and MAZLOUMI

demonstrate that travel times follow Weibull distribution

locations and periods

or normal distribution during peak hours, and a lognor-
mal distribution during off-peak hours'®’. MAZLOU-
MI and LI find that travel times follow lognormal distribu-
tion at large time windows (e. g., an hour or a day),
but follow normal distribution at small time windows

%1 Using travel time data over a

(e.g., 5 min)!
month, GUO demonstrates that travel time distributions
forms remain stable across different aggregation time in-
tervals (e.g., 5, 10, 30, 60 min) '*'.

To date, different forms of distributions have been
appropriate for different studies. The fitting degree de-
pends on the consistenciy between the properties of the
distributions and the observed travel times, such as
skewness or the number of peaks. To the best of our
knowledge , existing research focuses more on distribution
forms rather than the properties of observed travel times.
However, many distribution forms may be suitable for the
same data. For example, both Weibull distribution and
Gamma distribution can fit skewed travel times. Therefore,
this paper focus on the properties of observed travel times.

For a given urban road, the geometric structure and
driving behaviors are assumed to remain unchanged or
similar, leaving traffic demand and signal controls as the

2] Hence, the re-

primary determinants of travel times
lationship between travel time properties and signals
should be carefully considered. In this paper, we use the
data recorded by Automatic Number Plate Recognition
cameras and signal machines to empirically investigate
urban travel time distributions. The data collected on
four arterials in Guiyang, China is first introduced, fol-
lowed by a simple description to explain the main proces-
ses. The next section characterizes some properties of ur-
ban travel time distributions and explores the relation-
ships with some potential factors, such as signal schemes
and time windows. The conclusions are summarized in

the final section of the paper.
2 Data

The license plate recognition ( LPR) data for the
study were supplied from Automatic Number Plate Rec-

ognition (ANPR) cameras installed at the stop lines of

several main arterials in Guiyang, China. The ANPR
cameras record vehicles’ license plate numbers and
passing timestamps when the vehicles pass through the
stop lines. The LPR data of four arterials were collected
on Saturday, February 21st, 2016. Table 1 list the num-
ber of lanes and the all-day detected volumes in each
stop line, with the intersection points, P1 to P23, depic-
ted in Figure 1. It should be noted that not all lanes were
installed with ANPR cameras. From Table 1, the amount
of detected LPR data is considerable in spite of some
lower detected volumes in some intersections, which pro-
vides a basis to obtain sufficient travel time data. Ac-
cording to the signal schemes recorded by signal ma-
chines, we collected phase-to-phase travel times (T,)
between any two intersections within an arterial by re-
recognizing vehicles’ passing timestamps. Here, phase-
to-phase travel times correspond to the vehicles passing
stop lines in the same phases in both the first and last
stop lines. At the same time, the travel time data was di-
vided into different datasets according to the pre-timed
periods of each end of the intersections. Therefore, the
travel time samples in the same dataset were collected
under the same signals, which allows us to distinguish

signals’ influence.

P9

P1

P2

P3

P28

Fig.1 Study site in Guiyang, China

From the ANPR cameras, we get 863 datasets of
travel times. Since some datasets appear to be small sam-
ples due to the low traffic volumes at midnight, the short
period of pre-timed signals, or the low coverage of ANPR

cameras in some locations, we take the sample size of
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300 as a threshold to select 398 datasets to do further an-
alyses. Among these datasets, 163 of them are from two
nearby intersections; 116, 75, and 41 datasets are from
three, four, five adjacent intersections respectively. For
any dataset, four types of data are used: period, signal
schemes (including cycle lengths, green times), T, sta-
tistical distributions, and overlay charts of observed trav-

el times. As shown in Figure 2 (a), the overlay chart

visualizes observed travel times on a rectangular coordi-
nate plane, with timestamps on the x-axis and travel
times on the y-axis. Since the over charts describe travel
times distributions on a rectangular plane, we rename it
as the T plane distribution to echo the T statistical distri-
bution. Figure 2 shows an example of these two distribu-
tions from P13 to P11 between 9:00 and 13 .50, with the

period and the signal schemes listed.

Table 1 Details of the four arterials

Arterial number

Details of each arterials

Intersection point P1 P2 P3 P4 P5 pP6 pP7 P8
From north to south Number of lanes 5 5 6 4 6 4 7 3
Detected volumes (veh) 24 651 — 6 065 10 341 17 309 10 676 12 655 8 846
: Intersection point P8 pP7 P6 P5 P4 P3 P2 P1
From south to north  Number of lanes 3 5 4 5 4 6 5 5
Detected volumes (veh) 9 109 14 285 10 675 12 723 — 21267 33743 33984
Intersection point P9 P10 P11 P12 P13 P14 P15 PS5 P16
From north to south Number of lanes 3 4 5 5 6 5 5 5 6
Detected volumes (veh) 7 020 28983 24937 41515 25818 26337 14624 19891 8561
2 Intersection point P16 P5 P15 P14 P13 P12 P11 P10 P9
From south to north Number of lanes 6 5 5 5 6 5 5 5 4
Detected volumes( veh) 13 003 16 113 18793 20511 99 77 33027 24872 26335 21932
Intersection point P17 P18 P19 P20 P21 P22 P23
From north to south  Number of lanes 7 5 5 7 9 5 5
Detected volumes( veh) 22 083 31 235 39 112 22 424 34 200 24 813 8 162
} Intersection point P23 P22 P21 P20 P19 P18 P17
From south to north Number of lanes 6 5 8 6 6 4 7
Detected volumes( veh) 8114 20002 22234 33744 40538 38001 53 908
Intersection point P24 P25 P26 P23 P27 P28
From north to south Number of lanes 6 6 5 6 4 3
Detected volumes( veh) 20208 22244 12620 8114 14 583 11 530
¢ Intersection point P28 P27 P23 P26 P25 P24
From south to north Number of lanes 3 3 4 5 5 6
Detected volumes( veh) 8 196 13 053 8 880 12630 20 184 15 117

3 Methodology

The study methodology aims to explore travel time
distributions in urban roads by focusing on two dimen-
sions of distributions. In T, plane distributions, the data
pattern in overlay charts is investigated by analyzing the
parameters of signals; see more explanations in the next

sub-section. The premise of showing significant data

strips [ see Figure 2(a) ] is first examined, followed by
qualitative statistics of data strip patterns with different
signal schemes and route constitutions (e. g. , two inter-
sections or three intersections). Then, the multimodality
of T statistical distributions is tested by the Hartigan dip
test, followed by correlation analyses between the de-
scriptive statistics ( including skewness B8, and kurtosis

B,) and some potential relative factors. The Hartigan dip
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* P13 to P11 (09:00 to 13.50, 125148-130139) refers to data obtained from P13 to P15 between 9:00 and 1350, with upstream cycle

125 s, upstream green 48 s, downstream cycle 130 s, and downstream green 39 s.

Fig.2 An example

test is a method to test the multimodality by calculating
the dip statistic as the maximum difference between the
empirical distribution function of all samples and the uni-
modal distribution function that minimizes the maximum

difference >

It produces a probability that the ob-
served data could come from a unimodal distribution and
can be used to test the null hypothesis that the data are
unimodal. Here, the p-value of the Hartigan dip test is
also considered as a descriptive statistic of the shape of

statistical distributions, just as skewness B, and kurtosis

B> -
4 Travel time distribution analysis

4.1 Travel time plane distributions
The T, plane distribution has been used as a visual

16, 23-24
'. Young explores

tool to study the travel time data'
the patterns of T, plane distributions by overlaying the
travel times obtained from Bluetooth on different days
(e.g., 30 days). In this paper, the sample size of trav-
el times obtained from ANPR cameras is relatively high.
Then, the data collected at the same time can be directly
used for analyses, thus avoiding the influence of different
traffic conditions on different days. This section aims to
explore the data patterns of T, plane distributions at vari-
ous kinds of signal schemes and route constitutions. The
former is designed to understand whether the relationship
between upstream and downstream signals will influence
data strip patterns. The latter is to understand whether
different route constitutions will affect travel time pat-

terns.

Table 2 Frequency of datasets with and without significant

data strips

Number of datasets divided by periods

Periods 0:00 to 6:00 6:00 to 24:00
With significant data strips 2 197
Without significant data strips 72 127
Number of datasets divided by route constitutions

Number of intersections 2 3 4 5
With significant data strips 79 62 35 23
Without significant data strips 84 54 40 21

As shown in Table 2, the observed travel times are
more likely to form significant data strips from 600 to
24.00, which are more stochastic from 0:00 to 6:00.
Here, the T, plane distributions are divided into distribu-
tions with and without significant data strips according to
the apparent degree of data strips. Distributions with sig-
nificant data strips are strictly defined when significant
data strips appear during the whole study period, while
distributions with the existence of stochastic travel times
are divided into another category. We list two typical ex-
amples of T, plane distributions without significant data
strips in Figure 3. In the first case [ see Figure 3(a) ],
the traffic flows are stochastic and keep stable at a low
flow rate on the four-intersection route from P17 to P20,
especially between 3:00 and 6:00. Another case mainly
occurs when green ratios are relatively long, e. g., as
much as three quarters from P20 to P17 between 1200
and 16:00 [ see Figure 3(b) ]. Therefore, a preliminary
conclusion is that significant data strips in T, plane distri-

butions are more likely to appear with higher traffic flows
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Fig.3 Examples of T, plane distributions without significant data strips

and lower green ratios. Besides, the number of intersec-
tions seems to have no direct relationship with the signifi-
We might think a

route with more intersections is less likely to show signifi-

cance of data strips (see Table 2).

cant data strips because the travel time samples become
smaller due to the detection failure or the existence of
branch flows. But the data strips remain apparent in the
routes with more than five intersections in the data used.
It may be the result of the higher arterial traffic flows and
the good quality of the ANPR data. Besides, we can de-
duce the existence of data strips over long arterials in
spite of the possible insufficient samples which make the
data strips hard to observe.

Then,

are divided according to the route constitutions and the

the 199 datasets with significant data strips

cycles of the first upstream and last downstream intersec-
tions, ¢, and c,(see Table 3). Here we use the slopes of
data strips to represent different types of T, plane distri-
butions, where Z, P, N, PN represent zero, positive,
negative, positive and negative, respectively. It can be
observed that the majority of zero-slope data strips mainly
occur in the case of equal upstream and downstream cy-
cle times. As for the positive (or negative) slopes, more
datasets are concentrated in the case of shorter (or lon-
ger) upstream cycle times. Such concentration of distri-
butions is more distinct on the routes with more intersec-
tion. For T, plane distributions with both positive and
negative slopes, they seem to appear equally with shorter

and longer upstream cycle times.

Table 3 Classifications of T, Plane Distributions With Significant Data Strips

Number of intersections 2 3 4 5
Slope of data strip VA P N PN Z P N PN VA P N PN VA P N PN
c'>c! 3 1 26 6 - — 20 5 - - 12 3 - - 11 —
c'=c! 9 2 — — 10 — — — 6 — — — 2 — — —
c'<c! 3 22 3 4 1 19 2 5 — 9 — 5 1 9 — —

To further understand the slopes of data strips, we
imitate the analyses of intersection delay patterns in [ 25 ]
to show the travel time patterns in a single lane between
two fixed-time intersections. As shown in Figure 4(a),
vehicles enter the link saturatedly during upstream green
intervals, travel with the free-flow speed, then queue up
before the downstream stop line, and finally depart dur-
ing downstream green intervals. Vehicles” travel times on
the link (from 50 m to 150 m) are marked as blue lines.
It can be observed that travel times vary from cycle to cy-

cle due to the changes in offsets. The latter cycle always

has the offset C*~C” seconds longer than the previous cy-

cle, thus resulting in the travel time C"~C" seconds shor-
ter. If we connect the travel times of different cycles, a
data strip / marked as red quadrilateral can be observed,

The

mismatch between upstream and downstream cycles leads

the same as the data strip in T, plane distributions.

to C'=C" seconds of travel time displacement between ad-
jacent cycles. This is also the reason that the slope signs
of significant data strips are consistent with the signs of
C'-C" in most cases.

the

change in offsets is not the only factor that affects data

However, according to the results in Table 3,

strips. For example, equal cycle times of upsiream and
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downstream intersections also form positive data strips.
Here, a case with equal upstream and downstream cycles
is designed in Figure 4(b) to exclude the influence of
offset changes and explore other influencing factors. The
travel time jump caused by the oversaturation and the
starts of downstream reds can be observed in each cycle.
Besides, two types of data strips, II and III, can be
found, which is related to the variation of queues be-
tween cycles. More and more oversaturated vehicles are

accumulated into the next cycle, so vehicles need more

IT, vehicles in type III need to wait for one more down-
stream red light and form a shorter strip which is hard to
observe. We guess that when we observe one type of sig-
nificant data strips in a 7T, plan distribution, there may
be another less significant data strip with a different
slope. In such a case, we still classify the types of T,
plane distributions according to the significant degree of
data strips, since the empirical analysis in this paper is
more like a description of visual impressions. To con-

clude, changes in queues also affect the slopes of data

time to depart. Besides, compared with vehicles in type strips.
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Fig.4 Travel time patterns between two stop lines

We also show some examples of the T, plane distri-
butions with significant data strips in Figure 5. The first
four subplots are from routes with two neighboring inter-
sections, while the following subplots are from roads with
three and four intersections. It seems that the number of
intersections does not weaken the significance of stratified
data strips. The slopes of the eight T, plane distributions
are Z, PN, N, P, N, P, Z, and P, respectively. A

two-way T, plane distributions of the same intersection

pairs, P13 and P14, as well as P11 and P13, are depic-
ted from Figures 5(c¢) to (f). It seems that the slopes of
the data strips in the two directions have the opposite
arithmetic signs. Such a phenomenon also demonstrates
that the types of data strips are directly affected by the
relationships between the upstream and downstream cycle
times. Besides, we also depict the T, plane distributions

of a route with four intersections and its sub route or link

[ see Figures 5(g), (e) and (d)]. The T, plane distri-
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Fig.5 Examples of T, plane distributions with significant data strips

butions of the sub-route from P11 to P13 and the sub-
link from P13 to P14 appear to be totally different with
the slopes approaching opposite numbers. On the route
from P11 to P14, the two different travel time tendencies
from P11 to P13 and from P13 to P14 in the subs are
just offset, thus making the travel times over the route be
stable in each strip. Such zero-slope data strips over the
route can also be deduced from the equal cycle times in
the first and last intersections, P11 and P14. Therefore,
we just need to focus on the first and last intersections if
we only care about the plane distributions of the whole
route rather than the middle links. One thing is noting
that more kinds of travel time modes may appear at the
same time over the arterials with more complicated route

constitutions. For example, six types of travel times are

observed at 17:00 from P22 to P19 [ see Figure 5(h) ],
which also suggests the travel times over long arterials are
less reliable.
4.2 Travel time statistical distributions

This section aims to explore the nature of 7, statisti-
cal distributions, including unimodal or multimodal,
skewness B,, and B, kurtosis. The 398 datasets are first
divided into more sub-datasets with different time win-
dows, including 10, 15, 30, 60, 120, 180, 240, 300,
and 360 min. To avoid the influence of small sample si-
zes, the sub-datasets with sample size less than 100 are
eliminated. For each sub-dataset, three shape descrip-
tive statistics of the corresponding distribution are calcu-
lated, with the ratios of distributions in different kinds of

shapes listed in Table 4.
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Table 4 Ratios of distributions with different shape descriptive statistics

Time window (min) 10 15 30 60 120 180 240 300 360
Numbers of distributions 880 1378 1784 1481 830 612 280 157 109
Dip test, p=<0. 05 82 65 38 18 14 15 16 24 11
Dip test, p>0.05 18 35 63 82 86 85 84 76 89
Ratios of distributions B, <O 6 4 2 1 0 0 0 0 0
(%) B1>0 94 96 98 99 100 100 100 100 100
By<3 13 11 8 6 4 8 3 6 1
B3 87 89 92 94 96 92 97 94 99

* The ratios of distributions where 3, equals to 0 or 8, equals to 3 are zero under each T, .

From the view of peak numbers, the distributions with
longer time windows are more likely to have single peaks (p
>0.05), while the distributions with shorter time widows
are more likely to be multimodal (p<c0.05). For example,
the ratios of distributions with more than one peak decrease
from 82% to 11% with the increase of time windows from 10
min to 360 minutes, which means a long time window

makes the short-term multimodal properties hidden. Such a

phenomenon may be the result of non-zero slopes of T,

1000
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form appearances of multistate travel times.
time windows,
stream cycle times (which correspond to zero slopes) are
Be-

sides, travel times with zero slopes in T, plane distributions

more likely to have multistate statistical distributions.

are more likely to form separated sub statistical distribu-
tions, therefore making the overlaps between the sub distri-

butions smaller (see Figure 6).
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Fig. 6 An example of distribution with equal upstream and downstream cycle times

As to skewness and kurtosis, there are two indexes
to assess how far a distribution deviates from the symmet-
rical normal distribution with the same median and stand-
ard deviation. Skewness(f3,) is a measure of the asym-
metry of a random variable about its mean. For a uni-
modal distribution, a negative skew indicates that a lon-
ger tail is on the left side of the distribution, while a pos-
itive skew indicates that the longer tail is on the right.

of the

distribution of a random variable with higher kurtosis in

Kurtosis (B,) is a measure of the “tailedness”
the case of infrequent extreme deviations (or outliers)
and lower kurtosis in the case of frequent modestly sized
deviations. It is common to compare the kurtosis of a dis-

tribution to the kurtosis of any univariate normal distribu-

The results in Table 4

demonstrate that the statistical distributions of most sub-

tion ( where the kurtosis is 3).

datasets are positively skewed (B,>0) and leptokurtic
Such

high ratios suggest that non-normal models may better fit

(B,>3) under both short and long time windows.
observed travel times in most cases, such as lognormal
distribution and Weibull distribution. A scatter plot of
skewness and kurtosis under different time windows are
depicted in Figure 7. It seems that time windows almost
do not correlate with skewness and kurtosis since the val-
ues are overlapped. An interesting observation is that the
two descriptive statistics are highly correlated, with the

Pearson” correlation coefficient 0. 92. Such a high corre-

lation suggests that the two descriptive statistics may be
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influenced by the same factors, so the high (or the low)

skewness and kurtosis coincide.

250 1

+ Tw=15min Pearsons’ correlation coefficient: 0.92
200 - 7,=30 min

+ Ty=120 min
150 } - 7,w=180 min
+ Ty=240 min
& - T,=300 min

100 - Tw=360 min

50

Fig.7 Scatter plot of kurtosis and skewness

To understand the nature of skewness and kurtosis,
we depict their cumulative frequency curves under differ-
ent cases in Figure 8. The factors we considered are
route constitutions, measures of central tendency
(means, medians, and modes of travel times), and
measures of dispersion ( interquartile ranges and vari-
ances of travel times). Since the skewness highly corre-
lates to the kurtosis, we take the skewness as an example
to show the results. As shown in Figure 8(a) , the maxi-
mum skewness over four or five intersections is less than
the maximum ones over two or three intersections. It
means that the skewness is more stable in the case of
long routes with more intersections. Such stable values
may be the result of the lower travel time reliabilities over
the long routes, which makes the influence of extreme
deviations smaller. As to the measures of means, medi-

ans, and modes, we divided these values into six levels

)
[ see Figure 8(b), (c¢) and (d) ]. The cumulative fre-
quency curves under each level are very similar in the
three subplots, and the ranges of skewness get smaller
with the increase of T concentration measures. For urban
arterials, higher central tendencies of travel times
usually occur on the routes with more intersections or
highly loaded traffic volumes, which also correspond to
low travel time reliabilities. For the quartile deviation
and variance, a higher travel time dispersion means a
lower travel time reliability, which also results in more
stable skewness [ see Figure 8(e) and (f) ]. Therefore,
we can conclude that a lower travel time reliability allows

a stable skewness at a relatively lower level, while the

fluctuation ranges of the skewness are much wider in the

case of higher travel time reliabilities. For kurtosis, the
same conclusion can be obtained [ see Figure 8 (g) to
(1) ]. Such a phenomenon that both skewness and kurto-
sis decrease with the increase of travel time variabilities
can be interpreted as the limited impacts of the infre-

quent extreme travel times in the case of low reliabilities.
5 Conclusions

The analyses in this study are based on data from
Automatic Number Plate Recognition cameras collected
from four signalized arterials. We use phase-to-phase
travel times between intersections on an arterial roads to
explore travel time patterns and statistical distributions.

First, travel time distributions for planes with high-
er traffic flows and lower green ratios are more likely to
exhibit significant data strips. These patterns are influ-
enced by the cycle times of the first upstream and last
downstream intersections, and changes in queues.

We speculate that two types of data strips may coexist
in the same travel time distribution, though sometimes only
one significant type is observable. In most cases, the slopes
of significant data strips have the same signs as the differ-
ences between downstream and upstream cycles time. Equal
downstream and upstream cycles typically result in zero-
slope data strips. A longer upstream cycle is more likely to
form positive-slope data strips, while a shorter upstream cy-
cle is more likely to create negative-slope data strips. Es-
senctially, data patterns in travel time plane distributions
are closely related to the traffic signals.

Second, the study examines the nature of travel time
statistical distributions us the Hartigan dip test along with
skewness and kurtosis. We find that departure time windows
significantly influence the number of peaks in travel time
distributions. A long time window is more likely to result in
a single-peak distribution, while a short time window is
more likely to lead to a distribution with multiple peaks.

Furthermore, travel time distributions corresponding
to zero-slope data strips tend to exhibit separated sub-dis-
tributions and demonstrate multistate properties across all
time windows. Regarding skewness and kurtosis, the re-
sults indicate that most travel time distributions are posi-
tively skewed and leptokurtic, with these two values
highly correlated. We infer that skewness and kurtosis

degrees are related to the travel time reliabilities. In ca-
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Fig.8 Cumulative frequency curves of skewness and kurtosis

ses of lower reliabilities, infrequent extreme travel times
have limited impacts on travel time distributions, keeping
skewness and kurtosis relatively stable at lower level. Al-
though this analysis helps us understand the properties of
travel time distributions, it remains at a qualitative level.
Therefore, our ongoing work is focusing on quantitative a-
nalysis from an analytical perspective. For example, we aim
to derive an analytical expression for the slope of the data

strip while considering offsets and queues simultaneously.
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