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Abstract: The effect of the aggregation interval on vehicular
traffic flow heteroscedasticity is investigated using real-world
traffic flow data collected from the motorway system in the
United Kingdom. 30 traffic flow series are generated using 30
aggregation intervals ranging from 1 to 30 min at 1 min
increment, and autoregressive integrated moving average
(ARIMA) models are constructed and applied in these series,
generating 30 Through applying the
portmanteau Q-test and the Lagrange multiplier (LM) test in
the residual from the ARIMA models, the
heteroscedasticity in traffic flow series is investigated.
Empirical results show that traffic flow is heteroscedastic
across these selected aggregation
aggregation intervals tend to cancel out the noise in the traffic
flow data and hence reduce the heteroscedasticity in traffic
flow series.
development of reliable and robust traffic management and
control systems.
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ith the rapid economic and social development,
W the number of vehicles is increasing dramatically
in China, causing serious congestion and safety issues for
the transportation systems, in particular, for big cities.
For alleviating the negative impacts associated with traffic
congestion and safety issues, the conventional approach
of building more roads is limited due to land use con-
straints. The applications of advanced technologies, such
as computer technology, communication technology, da-
tabase technology, statistical data mining technology,

etc., into the conventional transportation systems have
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been receiving increasing attention from both research and
industry sectors, stimulating the rapid development of the
intelligent transportation systems (ITS).

Many applications have been developed under the broad
umbrella of ITS and reliability-related applications can
provide more robust solutions for battling the congestion
and safety issues, where the uncertainty information con-
cerning transportation systems is modeled and utilized to
impart the reliable treatment into traffic management and
control. In this direction, two major approaches are used
to model the second-order moment of transportation infor-
mation, i.e., the generalized autoregressive conditional
heteroscedasticity (GARCH) model "™ and the stochastic
volatility model™ . In addition, Guo et al. ' established
the heteroscedastic nature of traffic information, provi-
ding a foundation for performing the abovementioned un-
certainty modeling analysis.

Note that all these studies are conducted for a single
time interval, however, as shown in Refs. [7 —9], the
aggregation interval is an essential component for trans-
portation system applications. Therefore, in this paper,
we investigate the effect of aggregation intervals on the
traffic condition heteroscedasticity.

1 Theoretical Background
1.1 Aggregation interval

The aggregation interval is a critical factor for charac-
terizing or defining traffic condition data. For example,
in Highway Capacity Manual 2000, a 15 min aggregation
interval is usually used to compute the volume of traffic,
i. e., the number of vehicles passing a road section with-
in a single 15 min aggregation interval """, Similarly,
other traffic characteristics such as occupancy, speed,
etc. can also be defined over a certain aggregation inter-
val. Intuitively, aggregation intervals will affect the char-
acteristics of traffic variables series. As shown in Ref.
[8], longer aggregation intervals will help to cancel out
the noise and hence create a smoother traffic flow series.
The effects of aggregation intervals have been investigated
in other fields such as short term traffic flow forecasting
and single loop speed estimation. In this paper, the effect

of aggregation intervals on the traffic flow heteroscedas-
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ticity is investigated.
1.2 ARIMA modeling

For a selected aggregation interval, the collection of
traffic flow data formulates a traffic flow time series, and
for this data, the conventional autoregressive integrated
moving average (ARIMA) model has been proven to be
an effective modeling tool''"!. Given a traffic flow time
series process denoted by {X,}, the ARIMA (p, d, q)

model is defined as
&(B)(1-B)'X, =0(B) &,

where ¢ is the time index; p is the order of the short-term
autoregressive polynomial; ¢ is the order of the short-
term moving average (MA) polynomial; d is the order of
short-term differencing; B is the backshift operator such
that BX, =X, _,; &, is the random error at time #; ¢(B) is
the short-term AR polynomial defined as ¢(B) =1 - ¢, B
-$,B —... - ¢,B”; 6(B) is the short-term MA polyno-
mial defined as §(B) =1 - 6,B —6,B° — ... -6,B".

In the above definition, the roots of ¢(B) and 0(B)
are assumed to be outside of the unit circle and have no
common factors. g, is the residual series, and for traffic
flow series, it has been proven to be heteroscedastic;
i.e., it has zero mean and time-varying conditional vari-
ance ',

The ARIMA model can be processed using the conven-
tional Box-Cox framework, which includes three major

model identification, model estimation, and
11]

steps, i.e.,
model diagnostic check! In the model identification
step, the orders of the model will be selected based on the
minimum information criterion. In the model estimation
step, the model parameters will be estimated using prima-
rily the maximum likelihood estimation approach. In the
model diagnostic check step, the estimated model will be
tested to make sure that the residuals after applying the
estimated model on the data containing no autocorrelation
structure. It is worthwhile to mention that the above three
steps can be conducted iteratively so that the final model
will meet the requirements. Since these three steps are
generally complex for carrying out manually, commercial
software packages have been developed to facilitate ARI-
MA modeling, e.g., SAS PROC ARIMA'? .

1.3 Traffic heteroscedasticity

In conventional statistical analysis models such as anal-
ysis of variance, regression, etc., the data are generally
assumed to be having constant variance, or the data are
called homoscedastic. However, in some cases, e. g.,
for the traffic flow series, the process variance is time-
variant; i.e., traffic flow series is called heteroscedastic.
Using traffic flow series collected in the United Kingdom

and aggregated at a 15 min aggregation interval, the het-
eroscedastic phenomenon can be demonstrated in Fig. 1.
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Fig.1 Traffic flow heteroscedasticity demonstration

From Fig. 1, we can see that the residual series is scat-
tered around the x-axis while the ranges of the scattering
are different for different times of the day; i.e., the re-
siduals scatter more widely for high level traffic in the
daytime. This information indicates that certain measures
should be taken to handle the added uncertainty for peak
hour traffic when developing advanced traffic manage-
ment and control systems. As mentioned previously, the
heteroscedasticity is important for developing ITS applica-

1. ' showed that this heteroscedastici-

tions, and Guo et a
ty is universal across many sites for a single 15 min ag-
gregation interval. In this paper, we will show that this
heteroscedasticity is also significant across different aggre-

gation intervals.
1.4 Heteroscedasticity test

The heteroscedasticity test will be performed on the re-
sidual series after the autocorrelation structure is removed
from the traffic flow series. Based on the residual series,
the tests used in this paper include the portmanteau Q-test
and the Lagrange multiplier (LM) test, which have the
ability of testing the presence of nonlinear effects (such as
GARCH effects) in the residuals. Note that the Q-test
and the LM test are among many tests that can be selected
for performing the heteroscedasticity test, and these two
tests are selected in this paper due to their ready imple-
mentation and application through commercial software,
i.e., SAS PROC AUTOREG. For ARIMA modeling,
many off-the-shelf commercial software packages have
been developed and in this paper, this SAS PROC
AUTOREG is applied to test the heteroscedasticity in the
residual series.

2 Data Description

2.1 Data collection

The traffic flow data used in this paper was collected
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from the MIDAS system installed for the motorway of
M25 around London, the United Kingdom. M25 was ini-
tially built for servicing the through traffic across Lon-
don, while over the years, M25 gradually merged into
the urban transportation system, servicing many local
trips and causing serious congestion issues on M25. Un-
der this circumstance, the MIDAS system was developed
for battling this situation. Using the MIDAS, traffic data
including traffic volume, speed, occupancy, etc.
continuously registered over traffic detectors installed

was

along the motorway. In this paper, traffic flow data col-
lected from the station 4762a is used. The time range of
the data is from Jan 1, 2002, to Dec 31, 2002; i.e., the
whole year traffic flow data is used in this paper.

2.2 Data aggregation

The purpose of this paper is to investigate the effect of
aggregation intervals on the traffic flow heteroscedastici-
ty. Therefore, an important step is to aggregate the traffic
flow data over multiple aggregation intervals. In this pa-
per, altogether 30 aggregation intervals are used, i.e.,
aggregation intervals starting from 1 to 30 min with 1 min
increment. Note that the aggregation of traffic flow data
follows the rule proposed by Edie!"”’ and the aggregation
operation is carried out using SAS PROC EXPAND,
through which the aggregation rule can be easily imple-
mented. The traffic flow data aggregated at 1 min interval
are shown in Fig.2. As can be seen that the seasonal pat-
tern can be identified for this 1 min traffic flow data series,
which is an important phenomenon that should be handled.
In addition, this seasonal pattern also exits in traffic flow
series aggregated over other aggregation intervals.
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Fig.2 Traffic flow series demonstration ( partial data aggrega-
ted at 1 min interval)

3 Empirical Results

In this section, the empirical results will be shown, in-
cluding the ARIMA modeling results and the results of
the heteroscedasticity test over multiple traffic flow series
aggregated at different aggregation intervals.

3.1 ARIMA modeling results

The purpose of ARIMA modeling is to capture and re-
move the first-order moment of the traffic flow series and
hence generate the residuals for the heteroscedasticity
test. Note that we have 30 traffic flow series correspond-
ing to 30 aggregation intervals; therefore, we will have
30 identified and estimated ARIMA models.

As mentioned previously, the ARIMA model can be
processed through the steps of identification, estimation,
and diagnostic check. In this paper, in the model identifi-
cation step, the seasonal pattern is first handled by sea-
sonal differencing. As identified in Ref. [14], a weekly
pattern can be used. Taking the 15 min aggregation inter-
val as an example, a weekly pattern will have 24 (h/d)
x 4(data point/h) x7(d) =672 data points. Therefore,
for removing the seasonal effects, two traffic flow data
points at a distance of 672 aggregation intervals are differ-
enced; i.e., the seasonal differencing order is 672. After
seasonal differencing, the differenced series are used to
identify the orders of ARIMA.

Using PROC ARIMA, the orders of the ARIMA model
for all the 30 traffic flow series are shown in Tab. 1.

Tab.1 ARIMA modeling and heteroscedasticity test results

Aggregation ARIMA model Monthly test
interval/min p d q result/ %
1 3 0 2 100
2 4 0 4 100
3 3 1 2 100
4 2 0 3 100
5 2 1 3 100
6 2 1 3 100
7 2 1 3 100
8 2 1 3 100
9 1 1 4 100
10 1 1 4 100
11 1 1 4 100
12 1 1 4 100
13 2 0 3 100
14 2 0 3 100
15 2 0 3 100
16 2 0 3 100
17 2 0 3 100
18 2 0 3 100
19 2 0 3 100
20 2 0 3 100
21 2 0 3 100
22 2 1 3 100
23 2 1 3 100
24 2 1 3 100
25 2 1 3 100
26 2 1 3 100
27 2 1 3 100
28 2 1 3 91.67
29 2 1 3 91.67
30 2 1 3 91.67
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After selecting these orders, the ARIMA models are es-
timated using the maximum likelihood method and the re-
siduals are computed using the estimated parameters.
Then, in the final model diagnostic check step, the se-
lected models and estimated parameters are validated by
checking the characteristics of the residual series. Accord-
ing to the ARIMA modeling theory, the residual series
should be white noise or the autocorrelations in the residu-
als are trivial, indicating that the autocorrelation structure
has been adequately removed. In this paper, the autocor-
relations in all the 30 residual series are trivial, indicating
the adequacy of selecting the identified ARIMA models.

3.2 Heteroscedasticity test results

Based on the obtained residual series, the heteroscedas-
ticity test results are presented as follows. In the whole
series test, for all the aggregation intervals, the two het-
eroscedasticity tests are applied on the entire residual se-
ries with the p-values of the two test statistics less than
0.000 1, showing that for all the 30 residual series the
traffic flow series are heteroscedastic.

For the monthly test, the results are also shown in
Tab. 1. For each aggregation interval, the entire series is
first broken into monthly series, and each monthly series
is tested separately. Then the percentage of the heterosce-
dastic monthly residual series is computed as the test re-
sults. We can see that except for the aggregation intervals
of 28, 29, and 30 min that have 91. 67% heteroscedastic
monthly residual series, and the remaining aggregation
intervals have 100% heteroscedastic monthly residual se-
ries, indicating that traffic flow series are heteroscedastic
at the monthly level for these aggregation intervals. The
test results indicate that the longer aggregation interval
can cancel out the noise in traffic flow data and hence re-
duce the heteroscedasticity in traffic flow.

4 Conclusions

Considering the importance of reliability in many ITS
applications, the uncertainty analysis has received increas-
ing attention from transportation research communities. In
this direction, the traffic flow heteroscedasticity test and
modeling play an essential role. Previous studies have
shown that traffic flow is heteroscedastic across stations
for a certain data aggregation interval, and in this paper
we investigate the effects of multiple aggregation intervals
on traffic heteroscedasticity. Using real-world traffic flow
data, the following two conclusions can be drawn as fol-
lows:

1) Traffic flow is heteroscedastic across multiple inter-
vals ranging from 1 to 30 min at 1 min increment.

2) Longer aggregation intervals can cancel out the
noise in the traffic flow data and hence reduce the het-

eroscedasticity in traffic flow series.

Based on the above conclusions together with the previ-
ous investigations, heteroscedasticity can be claimed to be
universal for traffic flow data both temporally and spatial-
ly, and considerations should be taken to improve the re-
liability or robustness of ITS-related traffic management
and control applications.
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