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To make more efcient use of the expanded freeway and urban expressway networks, various measures such as bottleneck
management and wide-area congestion pricing based on trafc data obtained from trafc detectors, including trafc volume and
travel time, have been considered. Generally, the congestion status of the data varies from day to day. Tis study proposes
a method for analyzing a graph of trafc volume and travel time to visually and intuitively grasp the change in the daily trafc
situation using continuous one-hour values.Tese values are continuously generated hourly values obtained by shifting data every
minute. Twenty-four hours 1minute data for 128 days on 32 segments with detectors in the Nagoya Expressway Network in Japan
were used to draw a continuous one-hour value graph. A number of graphs showed loops of continuous one-hour values with
congestion and a smooth variation characteristic of values over time. Tese graphs provide an accurate estimate of the daily
maximum one-hour trafc volumes and facilitate a sequential understanding of the congestion pattern changes on successive
route segments. Hourly travel-time prediction models were constructed to macroscopically examine congestion measures over
a range of several hours. Tese models were fabricated with high accuracy using multiple regression analysis based on the
characteristics of continuous one-hour values. Exploratory predictive analysis of hourly travel-timemodels has allowed us to study
and discuss various congestion factors in road structures and trafc fows, and it has been found to be easy to grasp the
phenomenon and ensure accuracy and operability.

1. Introduction

Trafc congestion is chronic on inter-city freeways and
urban expressways in the Chukyo metropolitan area in
Japan, where the network of radial and ring roads has ex-
panded, especially on inner city expressways. Various
measures such as congestion management at bottleneck
points, congestion pricing, and trafc guidance have been
considered to make more efcient use of the expanded
network, by providing trafc information. Te basic in-
formation for countermeasures is trafc status data such as
trafc volume (volume later), travel time, and speed, which
are obtained from trafc detectors installed on each segment
of the expressway line and section. Although there is
a certain regularity in expressway trafc in terms of

congestion location and days of the week, congestion
conditions generally vary widely from day to day, and the
observed maximum volume and travel time also vary. Te
relationship between the volume and travel time also
changes.

To understand the changing trafc visually and in-
tuitively, we propose a continuous one-hour value graph
analysis in this study that continuously generates plots of
hourly volume and average travel time, shifting data every
minute. In general discrete data analysis, if the time interval
of aggregation is short (e.g., 5min), the data plot variability
will be large. Alternatively, if the time interval is large (e.g.,
60min), it becomes difcult to capture the trafc transition
over time owing to the small amount of data. However, the
continuous one-hour value graph proposed here shows that
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volume and travel time often increase when congestion
occurs; after the maximum volume is observed, it decreases
while travel time reaches its maximum value and then
converges with a continuous smooth loop. By observing
these time transitions, the causes of congestion changes in
successive expressway sections can be understood intuitively
and easily.

Besides, there are methods for evaluating freeway trafc
such as analyzing the relationship between volume and
speed or using speed contourmaps.Te volume-speed graph
is easy to understand when analyzing trafc congestion
owing to a decrease in speed. However, as the range of speed
change becomes smaller the more severe the congestion, the
volume-travel time graph can easily capture the extent of
increase in heavy congestion. Te speed contour map is
a method used to determine the time-segment trafc for an
entire route. Although it is easy to understand the change in
speed over an entire route by section, it is necessary to
synthesize other graphs when analyzing the relationship
between the volume, maximum volume, and maximum
travel time in a time transition. Te continuous volume-
travel time one-hour value graph provides a compact, single-
slide view of daily trafc congestion changes as well as a daily
maximum one-hour volume with high accuracy.

Congestion pricing and other measures have recently
been explored to divert trafc from heavily congested urban
expressways to wider freeway networks. Tese measures are
expected to be applied uniformly or in phases over several
hours in urban expressway networks. Hourly trafc analysis
and prediction methods, that can capture major fuctuation
trends are often more efective in examining the measures
over several hours, because they are easier to grasp the
phenomenon, ensure accuracy, and are more operable.
Terefore, in this study, we conducted trafc congestion
analysis by exploratively constructing hourly travel-time
prediction models for expressway lines using continuous
one-hour values. Note that the speed limit on the Nagoya
expressway is 60–80 km/h on the mainline, whereas on the
inter-city freeway it is 80–100 km/h.

2. Literature Review

Numerous studies on the relationship between trafc vol-
ume and travel time have analyzed the link performance
function in macro-trafc assignments, congestion bottle-
neck analyses, and travel-time forecasting to provide trafc
information to drivers.Te link performance function is also
known as the Volume Delay Function (VDF) like the BPR
function. Horowitz [1] analyzed and constructed a delay-
volume relation for travel forecasting, drawing several di-
agrams of these relations. Kucharski and Drabicki [2]
studied the setting of the BPR function used in macroscopic
trafc models, and drew a scatter plot of volume-travel-time
on a general road; however, they pointed out that there was
a large variation and proposed a transformation-based BPR
function using quasi-density. Huntsinger and Rouphail [3]
estimated the trafc demand above capacity while creating
scatter plots of demand/capacity and travel times based on
an analysis of freeway bottlenecks and queues. Lu et al. [4]

estimated travel time functions for mixed trafc, including
trucks, which have a signifcant impact on trafc fow in the
transportation network analyses, by drawing volume and
travel-time diagrams using various simulation scenarios.
Pan et al. [5] modifed VDF based on fundamental trafc
diagrams (volume vs. delay/speed). However, the above-
mentioned diagrams cover a monotonically increasing
range, including congestion, and do not analyze the con-
tinuous transition of the hourly volume and travel time.

Das and Chilukuri [6] analyzed the varying capacity/
volume versus travel-time relationships in a mixed trafc
network at signalized intersections. Huo et al. [7] calibrated
a link performance function using neural network analysis.
Neuhold and Fellendorf [8] presented trafc capacity as
a probability distribution, previously given as a constant in
VDF. Zhang et al. [9] analyzed a travel-time function with
simultaneous network capacity and trafc demand. van der
Gun et al. [10] compared link travel-time formulations,
including horizontal queuing, in quasi-dynamic trafc as-
signments. Barka and Politis [11] compared VDFs such as
BPR and Conical. Cottrell [12] developed a queuing duration
model using the AADT/C. Tese studies also analyzed the
volume-travel time relationship, but they did not analyze
continuous one-hour values on freeways, and there were no
volume versus travel-time graphs from the data.

Tis study also deals with hourly travel-time predictions.
Many travel-time prediction studies have been performed in
the feld of transportation. Paterson and Rose [13] proposed
a model for predicting freeway travel time that overcomes
the limitations of operational “instantaneous” speed models
by using queuing theory. Yildirimoglu and Geroliminis [14]
constructed travel-time prediction models such as stochastic
congestion maps and bottleneck identifcation using his-
torical real-time trafc information. Tey also showed in-
stantaneous and experienced travel-time calculation
methods to produce contour maps and travel-time diagrams
based on the departure time. Bustillos and Chiu [15] and
Soriguera and Martinez-Diaz [16] increased the accuracy of
freeway travel-time predictions using a cumulative vehicle
count curve. Kwon et al. [17], Zhang and Rice [18], and Rice
and van Zwet [19] proposed freeway travel-time prediction
methods that mainly used linear models based on the speed
and occupancy data. Kuchipudi and Chien [20], Zou et al.
[21], and Chen and Chien [22] derived prediction models by
integrating path- and link-based models or merging spatial
and temporal travel-time information. Kwak and Ger-
oliminis [23] proposed using dynamic linear models to
approximate nonlinear trafc states. Qiao et al. [24] and
Caceres et al. [25] predicted freeway travel-time considering
the time of day, inclement weather, and trafc accidents, as
well as historical and real-time data. Pant et al. [26] in-
troduced a travel-time prediction system for a freeway work
zone. Miao et al. [27], Li et al. [28], and Tang et al. [29]
estimated and compared freeway travel times using fuzzy
logic and machine learning. Tese studies proposed travel-
time prediction methods that were mainly based on time,
location speed, and occupancy data. However, they did not
show diagrams of volume and travel-time, nor did they
clearly analyze their relationship. Furthermore, most of
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these studies are short-term travel-time predictions and do
not statistically provide hourly average travel-time pre-
diction and congestion analysis, as addressed in this study.

In addition, hourly trafc assignment models were de-
veloped to forecast the hourly average travel time and
volume for mid-to long-term trafc measures. (Shao et al.
[30], Nakayama and Connors [31], and Fujita et al. [32]) are
highly relevant to this study as examples of hourly trafc
assignment research that uses the BPR function and applies
it to a real-scale road network. An overview of the changes in
continuous one-hour values based on actual data from
a real-scale network will be very efective in studying their
directions for improvement. We believe that a comprehen-
sive understanding of the continuous one-hour value
changes would have many implications for improving the
above models and other trafc analyses.

Te objectives and main contributions are
summarized next.

As seen above, previous studies have neither defned nor
comprehensively analyzed continuous one-hour values of
travel time and volume. Terefore, this paper clarifes the
characteristics of continuous one-hour values and examines
their various use possibilities. Te objective of this study was
to develop an exploratory factor analysis method of trafc
congestion based on hypotheses derived from continuous
one-hour values for countermeasures in a multi-hour scale.
Specifcally, the following aspects of continuous one-hour
values are addressed in this paper:

(1) Continuous one-hour values are frst defned, and
their following basic characteristics are then ana-
lyzed: diference between discrete time values and
continuous one-hour values and efectiveness of
observing the transition of continuous one-hour
values over time; changes in continuous one-hour
values over fve weekdays on the same section of
expressway; comparison of the maximum volume of
continuous one-hour values with maximum one-
hour volume aggregated every 5 and 15minutes;
changes in continuous and discrete one-hour max-
imum volumes, which decrease as the number of
observation days increases; understanding of con-
gestion factors based on the changes in continuous
one-hour values over fve weekdays on consecutive
road segments, including JCTs and on/of-ramps;
and changes in continuous one-hour values and
understanding of congestion factors, in particular
those afected by increases in downstream on-ramp
trafc.

(2) Setting of continuous one-hour values for a road
section consisting of many segments and devel-
opment of multiple regression models for pre-
dicting hourly travel times and a predictive
congestion factor examination method on this
road section. Congestion factors are exploratively
examined by deriving various hypotheses from
roadway structural conditions and prediction
model statistics, along with time transitions of
continuous one-hour values.

(3) Te advantages of hourly travel-time prediction
analysis are as follows. Te hourly prediction makes
it easier to understand changes in variables and
statistics, to generate hypotheses and inferences
exploratively, and to identify congestion factors with
high accuracy as shown in Chapter 5.Tis is because:
the hourly prediction can greatly reduce the total
number of variables and improve operability since
there are only 1-2 time periods used in the analysis;
and the objective variable is the one-hour average
travel time, which has fewminor variations; and time
transitions along consecutive segments and hours
are easy to understand from the basic analysis above.

Tis paper is structured as follows: Chapter 3 summa-
rizes the defnition and characteristics of the continuous
one-hour values of volume-travel-time. Chapter 4 compares
the transition graphs of the continuous one-hour values
according to the aggregation methods and analyzes the
diferences in maximum one-hour volumes and spatial
changes on expressway lines. Te hourly travel-time pre-
diction models using regression analysis is constructed in
Chapter 5, taking into account the characteristics of the
continuous one-hour values, and the congestion factors are
exploratively analyzed. Section 6 presents the discussion.

3. Methodology

3.1. Basic Data. Te Nagoya Expressway is an urban ex-
pressway with a total route length of 81.2 km through
Nagoya City and its surrounding areas.

As shown in Figure 1, this study focuses on two lines of the
Nagoya Expressway Network, the Toshin Loop Line clockwise
one-way (25 segments) and the Odaka Line downhill (7 seg-
ments) which branches of the Toshin Loop Line to the south.
Tese lines are separated into many segments that are
0.4∼0.5 km apart, with the vehicle detector as the center of
a segment. Tis study used the average speed and volume data
of each lane on a 1-minute basis (for 128 weekdays from
November 25, 2019, to March 31, 2020), which were obtained
from the vehicle detectors in each segment. Te volume data
were the sum of all lanes and the speed data was the 1-minute
average obtained by load-averaging speed of each lane with its
corresponding volume. Assuming that the point speed ob-
tained from the detector was constant within a segment (ap-
proximately 0.5 km); the unit travel time per kilometer (min/
km) was calculated by taking the speed data reciprocal and
adjusting the unit for ease of comparison. Tese 1-minute data
were summed for 5min to obtain a 5-minute discrete volume,
for the discrete value analysis. Te 1-minute data average over
5min was calculated to obtain the 5-minute discrete average
travel time.

3.2. Calculation of Continuous One-Hour Values. To un-
derstand the continuous changes in the one-hour volume
and travel-time data, the one-minute values were continu-
ously aggregated into one-hour values. Te continuous one-
hour values of volume Qjk and average travel time Tjk are
obtained as in equations (1) and (2), using 1440 one-minute
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data for the time period 0:00–23:59 per day for each trafc
segment.

Tat is, i (=0:00–23:59) is the time in 1-minute increments
and the time period k (k=0:00–23:00) in 1-minute increments
is the 60-minute time period from start time i= k to end time
i= k +59. For example, k=420 at 7:00 am and k=480 at 8:00
am. Volume Qjk is the sum of 60 1-minute volumes starting at
time period k for segment j. Tjk is the average of 60 1-minute
travel-time at time period k for segment j.

Qjk � 
k+59

i�k

qj(i), (1)

Tjk �


k+59
i�k tj(i)

njk
, (2)

qj(i) is the volume provided per minute at time i on segment
j (veh/min). tj(i) is the travel time provided per minute at
time i on segment j (min/km). njk is the number of one-
minute travel time data in period k in segment j.

Te above equations represent a continuous one-hour
value which is calculated every minute. To avoid a large
amount of output continuous one-hour data values, they can
be calculated by shifting every 5min or every 10min.
However, the temporal transition characteristics may
difer with increased shifting time interval, as opposed to
a 1-minute shift. In this study, the continuous one-hour
value analysis was conducted every minute.

4. Analysis of Continuous One-Hour Values

4.1. Basic Characteristics. Te relationships between volume
and travel-time were compared between diferent aggrega-
tion methods using data for the entire time period (0:00∼23:
00). Figure 2 shows the relationship between the discrete 5-
minute volume (veh/5min) and average travel-time (min/

km) for segment 0R01 of the Toshin Loop Line, aggregated
separately every fve minutes. Figure 3 shows the relation-
ship between the discrete hourly volume (veh/h) and average
travel time, aggregated separately by hour. Figure 4 shows
the relationship between the hourly volume (veh/h) and
average travel time using continuous one-hour values in
equations (1) and (2).

Figure 2 shows that the discrete 5-minute data has a large
data variance and cannot accurately capture the time series
of the trafc fow. Figure 3 shows that the number of points
in the discrete hourly data is small and the changes during
this data-free period were diverse, as described below.
Terefore, it was difcult to complement and understand
time transitions using discrete hourly data. However, in
Figure 4, the continuous one-hour values show that the
points are continuously connected, creating a loop from the
occurrence of congestion to its elimination, thereby pro-
viding a concrete picture of the temporal transition of the
trafc. Similarly, Figure 5 shows the discrete hourly graph
and continuous one-hour graph of segment 302 of the
Odaka line with two lanes at diferent locations. Te scatter
plots of discrete hourly values in Figure 5(a) show little time
transition during trafc congestion, but the continuous one-
hour values in Figure 5(b) allow us to understand the
transition of trafc congestion. Furthermore, the discrete
values in Figure 5(a) show that the maximum volume, which
is a candidate for hourly trafc capacity, is 1398 (veh/lane/h),
whereas the continuous one-hour values in Figure 5(b) show
that it is 1502 (veh/lane/h). Te discrete hourly data may
underestimate the maximum hourly volume when only one
day is considered. In practice, for maximum volume cal-
culations, this diference is reduced by obtaining data over
several months or more, even for discrete hourly volumes.
Tis will be analyzed further in the next section. Figure 6
shows the continuous one-hour values for fve weekdays (12/
16-12/20, 2021) on segment 306 of the Odaka Line. Te
maximum volumes and travel time varied daily, even at the
same location. However, the travel time during the con-
gested period show time-series loops after the maximum
volumes are observed, and the maximum travel times are
observed while the volumes decrease. Terefore, continuous
one-hour volume and travel-time graphs capture trafc fow
transitions more clearly than discrete graphs.
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Figure 2: Discrete 5-minute values of trafc volume and travel time
(0R01).

Entrance
Exit

Toshin Loop Line

O
daka Line

Figure 1: Nagoya Expressway Network and two subject lines.

4 Journal of Advanced Transportation



4.2. Maximum One-Hour Volume Analysis. In this section,
the maximum volumes of the one-hour values, aggregated
every 60, 30, and 15min (mvex, x= 60, 30, and 15min), are
compared with the continuous one-hour values (mvc). Tis
analysis uses vehicle detector data for 128 days in the

abovementioned segment 302, where trafc congestion is
chronic on the Odaka line. Te analysis results are shown in
Figure 7. Te horizontal axis in the fgure is mvc, and the
vertical axis is the ratio of mvex to mvc. Rmxc is obtained
using the following equation:
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Figure 3: Discrete one-hour values of trafc volume and travel time (0R01).
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Figure 4: Continuous one-hour values of trafc volume and travel time (0R01).
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Figure 5: Comparison of trafc volume and travel-time graphs (segment 302). (a) Discrete one-hour values. (b) Continuous one-hour
values.
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Figure 6: Variation of continuous one-hour values for fve weekdays on the Odaka Line (segment 306).
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Figure 7: Ratio of the maximum 1-hour volume (Rmxc (%): x� every 60, 30, and 15-minute values) to the maximum continuous one-hour
volume (segment 302).
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Rmxc �
mvex
mvc

×100, (3)

where mvex is the maximum one-hour volume (veh/h/lane)
aggregated every x minutes; x= 60, 30, and 15. mvc is the
maximum volume (veh/h/lane) of continuous one-hour
values, aggregated every 1minute. Rmxc is the ratio of
mvex to mvc (%); x= 60, 30, and 15.

Looking at Rm60c in Figure 7, the distribution
extends to 96%-97%, with an average of 98.3%. Terefore,
if we consider discrete values every 60 min, it may be
3-4% less than the maximum one-hour volume in each
day. If the number of observation days were increased,
the error would be reduced. However, if the data is ag-
gregated every 30 or 15min, in Rm30c and Rm15c of the
fgure, the average values are 98.9% and 99.3%, re-
spectively. Every 15min value was almost the same as the
continuous one-hour values. Terefore, in case of daily
maximum volume, it is better to check the hourly values
every 15min or less. Tis tendency was also observed in
other segments.

When the number of observation days h, increased from
the frst day of observation to h (∼128) days in segment 302,
we examined the change in Rm60c using all observation data
within h days. Te results indicate that Rm60c was 96.9% at
h= 1 day, 97% at 10 days, and 99.5% at 20 days. Sub-
sequently, Rm60c was 98.7% for 128 days, and it fuctuated
between 98.5% and 99.5% from 20 to 128 days. Terefore, as
the number of observation days increased, the maximum
one-hour volume also increased. Simultaneously, Rm60c
increased or decreased, but the diference remained at ap-
proximately 1%. Tis result needs to be verifed with more
data, but it is expected that the diference between mve60
and mvc will almost disappear if there are sufcient ob-
servation days where the maximum 1-hour trafc volume
does not change, such as in several months to year-round
observations. Consequently, it was found that if the maxi-
mum one-hour volume should be accurately examined for
each day, as shown in Figure 6, it is preferable to use
continuous one-hour values. However, if the maximum one-
hour volume is to be examined over a long period, such as
a year, the maximum volume estimated by the discrete
hourly values will be almost the same as the continuous one-
hour values.

4.3. Congested Area Analysis for Multiple Segments. To an-
alyze the trafc of multiple segments on the Nagoya Ex-
pressway using continuous one-hour values, volume versus
travel-time graphs for each segment were prepared, as
shown in Figures 8 and 9. Figure 8 shows the congestion on
fve weekdays at the end of November on the Toshin Loop
Line (clockwise one-way trafc), which has a large change in
time transition owing to the dense installation of JCTs and
on/of-ramps. It is easy to understand the congestion situ-
ation in terms of segment relationships, particularly around
JCTs, where travel times change signifcantly with volume
fuctuations.

Figure 9 shows the congestion status on Sunday, No-
vember 28, 2019, on the Odaka Line from the Tsurumai-
minami JCT (A) to the Horita of-ramp (C), which is
connected to the southbound direction from the Tsurumai-
minami JCT on the Toshin Loop Line. Focusing on volume
versus travel-time graph for each section, the maximum
volume and travel time signifcantly changes before and after
the Takatsuji on-ramp (B), owing to the increase in volume
at that point. Te travel time started to increase at ap-
proximately 7:00 am and the congestion continued until
9:00 am.

5. Hourly Travel Time Prediction and Analysis

Tis section frst describes the method for calculating the
volume and travel times under a section containing multiple
segments, and then describes the hourly travel-time pre-
diction model and analysis on the section.

5.1. SectionTravel TimeCalculation. Te section used for the
hourly travel-time prediction is the two-lane, and 4.19 km
section of the Odaka Line between Tsurumai-minami JCT
and Horita of-ramp as shown in Figure 9, where the seg-
ment at Tsurumai-minami JCTof the Odaka Line is the start
segment and the segment after Horita of-ramp is the end
segment.

Te travel time per minute for a vehicle to start, from the
start segment to the end segment is the sum of travel-time of
the eight segments along the trajectory and is calculated
using the section travel-time calculation (STTC) below. Te
STTC, which is nearly equal to the experienced travel time
[14], is expressed as follows: Te travel time of the current
segment was calculated from its arrival time and its detector
data at that time. Tis is used to calculate the arrival time of
the next segment. Again, the travel time for the next segment
is calculated in the same manner as that of the current
segment. Tis calculation is sequentially performed in all
sections every minute for vehicles to start from the start
segment during the period of interest. Te volume in each
segment was the sum of two lanes, and the travel-time data
were the average of the two lanes weighted by the volume in
each lane. Equations (4) and (5) show the section travel time
for vehicles travelling between the start and end segments
every minute. Similar to the section travel time, volume qj

for segment j along the trajectory and average volume qs
i for

the entire section were obtained using equation (6).

uj(i) � 

j−1

m�1
hm i + um(i)( , (4)

t
s
i � 

n

j�1
hj i + uj(i) , (5)

q
s
i � 

n

j�1

qj i + uj(i) 

n
, (6)
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Figure 8: Continuous one-hour values for fve weekdays on the Toshin Loop Line.
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where uj(i) is the travel-time from the start segment to
segment j at start time i (min) when j≧ 2. If j= 1 then
u1(i)� 0. hj(i) is the travel-time in section j at time i (min). ts

i

is the section travel time for the entire section at departure
time i (min). qj(i) is the volume of segment j at time i (vehs).
qs

i is the average volume for the entire section at departure
time i (veh). n is the number of segments for the entire
section.

Equations (5) and (6) are 1-minute values; therefore,
substituted into equations (1) and (2) to obtain contin-
uous one-hour values. Using the continuous one-hour
values, a graph of the average volume (equations (6))
versus the section travel time for the section (segments
300–314) on December 16 is shown in Figure 10. It also
shows the relationship between the single-segment vol-
umes (300 and 310) and the section travel time. Te
single-segment volumes were aggregated when each ve-
hicle left the start segment on the same trajectory as the
section travel-time. Tese graphs follow a loop similar to
that in Figure 9; however, the average volume versus
section travel-time graph is averaged over the other
single-segment volume graphs.

5.2. Hourly Travel-Time Prediction Models and Analysis.
Considering the sequential and smooth transition of the
continuous one-hour values in 300–314 sections as shown in
Figure 9, the models were constructed using multiple re-
gression to predict the average 1-hour travel time after one
hour from the 7:00 am data, the maximum average 1-hour
travel time during the morning peak period (7:00–9:00 am),
and to exploratively examine the causes of trafc congestion
as well as the prediction of travel time. Te hourly travel-
time prediction model uses the one-hour value of the section
travel time at 8:00 am (T8) as the objective variable, which
was obtained using the calculation method in the previous
section. However, because this model considers a macro-
scopic future prediction of T8, the one-hour volume for each
segment at 7:00 am in equation (1) is used as the explanatory
variable.

Te models constructed with the objective variable T8
are listed in Table 1. Te mainline volumes for each of the
eight segments at 7:00 am and the on/of-ramp volumes at
the two locations were considered the initial explanatory
variables. After trial and error, we consider the following two
types of explanatory volume variables: one is the Takatsuji
on-ramp volume taken to the power of 5, which is near the
end of the section; the other is the composite variable of the
volume taken to the power of 5, which is the sum of the
volume at the Tsurumai-minami mainline segment and the
Takatsuji on-ramp. Te reason for using volume to the 5th
power was that travel time tended to increase rapidly when
the volume exceeded a certain threshold; therefore, the 5th
power was the most appropriate. Te most accurate model
using only volume variable for this section is Model 1 in
Table 1. It shows that the Takatsuji on-ramp trafc was the
main cause of congestion along this section.Te analysis was
initially performed using only the volume variable at 7:00
am, but to improve the accuracy of the model, a variable
“T7-Y7” was added to take into account the time transition
characteristics of continuous one-hour values, in which T7 is
the one-hour value of travel time at 7:00 am. Y7 is the
uncongested section travel time obtained by inputting the
7:00 am volume (at segment 300) into the uncongested
section travel-time function constructed by regression analysis
as follows: Te objective variable for the analysis below is the
section travel time at 6:00 in equations (2) and (5) when there is
no congestion, and the explanatory variable is the one-hour
volume on segment 300 at 6:00 am in equation (1).

ut � 2.68 + 0.0003 × Qjk, (7)

where ut is the uncongested section travel time (min) and
Qjk is the one-hour volume at period k in segment j (=300)
(veh/h).

A total of 128 datasets were used and the coefcient of
determination for this equation (7) was 0.852, indicating
high accuracy. Model 2 in Table 1 adds this “T7-Y7” to the
volume variable in Model 1. Models 1 and 2 exhibited good
accuracy and were excluded as insignifcant variables. Model
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3 is the model with a “T7-Y7” and volume variable that is the
sum of the mainline volume at section 300 and the Takatsuji
on-ramp volume. Compared with Model 1, Model 2 had
a much higher R squared value of 0.83, which greatly im-
proved the accuracy. By using the “T7-Y7” variable, which
considered the shape of continuous one-hour values in the
graph, the prediction accuracy and explanatory power were
improved.

A comparison of Models 3 and 2 shows that the impact
of the on-ramp volume alone is higher than the total volume
of mainline and on-ramp trafc. One reason for this is
assumed to be because the on-ramp trafc merges into the
second-lane side of the elevated mainline after climbing the
grade from the surface street. Te merging of vehicles is
slower. Tis causes the trafc in the second lane of the
mainline to slow. Tis is despite the fact that the second lane
typically travels 60–80mph faster than the frst lane.
Terefore, the impact of the increase in on-ramp trafc in
Model 2 was higher. To understand the efect of the Takatsuji
on-ramp volume in Model 2, Figure 11 shows the re-
lationship between the Takatsuji on-ramp volume and T8.
Te vertical dotted line in this fgure represents the value
(325 vehicles) derived from the coefcient of the ffth power
term of the Takatsuji on-ramp volume in Model 2, as shown
in Figure 11. It can be observed that the travel time increases
rapidly when the on-ramp volume exceeds a certain value.

Model 4 in Table 1 shows the most accurate model for
the objective variable of the maximum average 1-hour travel
time observed in this section during peak hours (7:00–9:00
am). It also has good accuracy in predicting the maximum
travel time, and the statistical analyses of hourly travel time
predictions with a view to the time transition of the con-
tinuous one-hour values have allowed us to examine and
discuss various congestion factors in road structures and
trafc fow, which was similar for the other sections as well.

6. Discussion

Te continuous one-hour volume versus travel-time graph
presented in this study provides a more accurate picture of
the maximum one-hour volumes and trafc transitions than
the discrete data. Te graphs show that the maximum
volumes and travel times varied widely daily, even at the
same location on the expressway. Observing the graph loops
reveal that when the maximum hourly travel time was

particularly large, the maximum volume tended to be ap-
proximately 10% less than when it was not. Such shape
change character of the continuous one-hour values is
interesting.

Most of the continuous one-hour values show a smooth
loop during congestion because they summarize, to some
extent, the transition of fuctuations over a reasonably long
period of time, which can absorb small fuctuations of
5–10min and show a larger trend of trafc fow around the
observation area. Although the characteristics of this efect
are likely to be diferent for longer or shorter time periods
than 1 h, the one-hour value was used in this study as the
most tractable.

An hourly travel-time prediction models were sta-
tistically constructed with high accuracy. Looking at the
coarse scatter plots in the graph of the discrete one-hour
data, it was not easy to imagine a travel-time prediction 1-
hour later. However, the smooth change in the continuous
one-hour values provided an intuitive understanding of
the predictability. Te reason for predicting the 8:00 am
travel time from the 7:00 am trafc data is that 8:00 am is
the busiest time of the day on the network, and it makes
sense to identify the causes of more severe congestion and
lead countermeasures in earlier hours. In contrast, hourly
trafc assignment models that predict hourly travel time
and volume are often constructed using the volume-delay
function. Because the graph of continuous one-hour
values provides an overview of the volume-delay re-
lationships across peak hours and routes, it may also be
useful to verify the validity of these trafc assignment
results. From the above results, it can be seen that the
analysis method of continuous one-hour values does not
compete with previous methods, such as trafc volume-
speed relationships and travel-time prediction methods,
but rather complements them to provide a more com-
prehensive understanding of hourly trafc phenomena
from a macroscopic perspective.

Te issues to be investigated in this study include an-
alyzing the diference in efects using continuous 30-minute
or 90-minute values instead of one-hour values, a logical
verifcation of the shape of one-hour values, and proposing
practical congestion analysis methods using one-hour
values.
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