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Abstract: In order to develop optimal multi-regime traffic stream
models, a new method that integrates cluster analysis and B-
spline regression is presented. First, for identifying the proper
number of regimes, the K-means and the fuzzy c-means methods
are applied in cluster analysis to actual traffic data, which
suggests that dividing the traffic flow into two or three clusters
can best reflect intrinsic patterns of traffic flows. Such
information is then taken as guidance in spline regression, thus
significantly reducing the computational burden of estimating
spline models. Spline regression is used to estimate the locations
of knots and the coefficients of the model so that the global error
can be minimized. Model analysis results demonstrate that the
proposed spline models have better fitting and generalization
capability than the conventional models. In addition, the new
method is more flexible in terms of data fitting and can provide
smoother traffic stream models.
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ulti-regime traffic stream models provide a considera-

ble improvement over single-regime models due to
their capability of capturing different patterns of traffic
flows. A major difficulty in developing existing multi-
regime models is how to determine breakpoints(also known
as knots) between regimes. Segmentation of congested and
free-flow conditions is exogenously performed based on the
subjective judgment of the model developer''™. Such a
treatment is empirical and ad-hoc, heavily relying on the
modelers’ engineering experience. The situation becomes
even more severe when more than two regimes are consid-
ered since multiple breakpoints need to be determined"”.
Subjective judgments of model developers are not the only
issues. Many models have been based on very limited em-
pirical observations, observations in the wrong locations,
highly aggregated data, and erroneous data-processing tech-
niques. A traffic stream model should reflect actual meas-
ured traffic phenomena that are found to be reproducible.
Meanwhile, it is desirable that such a model generates the
best fitting to traffic data. This paper addresses the difficulty
of breakpoint determination from a data-mining viewpoint.
It presents a methodological framework that combines clus-
ter analysis with spline regression to develop optimal traffic
stream models.
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1 Methodology

Cluster analysis belongs to unsupervised learning methods
and addresses the problem of data segmentation'*. Cluster
analysis divides scattered data into a number of clusters by
defining and quantifying dissimilarities between individual
data points or patterns'”. The K-means and the fuzzy c-
means methods are among the most popular methods of
cluster analysis. Here, the symbols K and ¢ both stand for
the number of clusters in accordance with the custom in pat-
tern recognition terminology.

Our goal of adopting spline regression is to achieve a sim-
ple, flexible and accurate model that provides global optimi-
zation capability. Spline functions provide a versatile tech-
nique for regression and approximation. Splines inherently
only require a small number of parameters to provide a max-
imum flexibility. They have been extensively used in fields
such as numeric analysis and computer aided geometric de-
sign”®’. Spline regression uses piecewise low order polyno-
mials to fit data. Although any piecewise polynomial func-
tion satisfying the definition can be a spline, B-spline basis
functions are the most commonly used spline functions.

B-spline basis functions are typically defined recursively.
It starts with the definition of the basis function of degree
zero,
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where p is the occupancy. For the B-spline basis function of
degree p=1, we have
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A multi-regime spline traffic stream model is a linear
combination of B-spline basis functions,
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where u is the speed, and C, represent the B-spline coeffi-
cients of the model. In a spline multi-regime stream model,
parameters that need to be estimated are the degree p of the
B-spline, the number and positions of the knots, and the B-
spline coefficient C,. These parameters are estimated in this
paper through the minimization of the following least-square
criterion,

minz [u-u(p)]’ (4)

where N is the total number of training samples.
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2 Traffic Datasets

Actual traffic data on July 2, 2001 are collected from
TransGuide program'®’, the Advanced Traffic Management
System( ATMS) at San Antonio, Texas. TransGuide records
speed, volume and occupancy from all the roadway lanes at
20-s intervals using loop detectors and video cameras. Traf-
fic data of a whole day is obtained from the second left lane
of three roadways: I-10 east bound( sensor ID: L2-0010E-
562.581), US-281 north bound ( sensor ID: L2-0281N-
143.895), and Loop-1604 west bound ( sensor ID: L2-
1604W-034. 326). Conventional traffic stream models like
those reviewed in section 2 use density as an independent
variable to characterize macroscopic traffic flow. In this pa-
per we utilize occupancy instead of density, as the latter
cannot be directly measured. Since speed, volume and oc-
cupancy possess different units, standardization using Eq.
(5)is performed prior to cluster analysis so as to make origi-
nal traffic data dimensionless.

xoriginal average ( 5 )

'xsld

= (speed, volume, occupancy), X,.. and x,
represent original, average and standard deviation of speed,
volume and occupancy, respectively. Eq. (5) can also be
used to convert a standardized traffic characteristic back into

its original counterpart.

where x,

original

3 Number of Regimes

Since the proper number of regimes is yet to be deter-
mined, a close examination of the cluster analysis results
and traffic flow domain knowledge may provide a rational

insight. For this purpose, we apply the K-means and the
fuzzy c-means methods to partition each one of the three
standardized traffic datasets into 2, 3, ..., 8 clusters, re-
spectively. Traffic characteristics considered in cluster anal-
ysis are speed and occupancy. Two criteria are used in this
paper for identifying the proper number of regimes: they are
the within-cluster dissimilarity measure and the silhouette
plOtM' 8

Within-cluster dissimilarity and average silhouette value
against the number of clusters are shown in Fig. 1 and
Fig. 2, respectively. A general trend of all three traffic data-
sets is that dissimilarity measures decrease as the number of
clusters increase. Using the K-means method, the elbow in
W, occurs when the number of clusters is two or three for
three roadways. Using the fuzzy c-means method, the lar-
gest average silhouette width appears when the number of
clusters is two or three for three roadways. Since both the
clustering methods show similar indications, from the clus-
ter analysis point of view, a plausible number of clusters
should be either two or three for any traffic flow under in-
vestigation. This is indeed consistent with existing knowl-
edge on daily traffic in which free flow, congestion and
transition are among the most commonly observed traffic
phenomena.

Fig. 3 shows three different clusters using K-means cluste-
ring. Based on the above cluster analysis, the model com-
plexity and the domain knowledge of the traffic flow, in this
paper we restrict B-spline regression to no more than three
regimes. It should be noted that spline regression may be
applied to fit stream models with a large number of regimes,
though in that situation both the model complexity and the
computational burden increase considerably.
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Fig.1 Within-cluster dissimilarity as a function of number of clusters using K-means method. (a) Roadway I-10; (b) Roadway US-

281; (c) Roadway Loop-1604
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Fig.2 Average silhouette widths as a function of number of clusters using fuzzy c-means method. (a)Roadway I-10; (b)Roadway

US-281; (c)Roadway Loop-1604
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Fig.3 Three clusters using K-means clustering. (a)Roadway I-10; (b)Roadway US-281; (c)Roadway Loop-1604
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4 B-Spline-Based Multi-Regime Stream Models

To examine the performance of spline regression models,
multi-regime stream models developed using quadratic B-
spline and conventional methods are compared with each
other. Knot positions in conventional methods are subjec-
tively determined. In developing conventional models, the
number of regimes is restricted to no more than three so
that it is comparable to spline regression. In addition, only
linear functions are used in conventional methods for repre-
senting each regime of speed-density relation. The split-
sample test is used to examine the performance of spline
and conventional traffic stream models' . Use traffic data
from highway I-10 as an example. One-, two- and three-
regime of piecewise linear traffic stream models and quad-
ratic B-spline models are respectively used to fit 70% of
the observations. The one corresponding to the minimum

least square error is chosen as the best model in respective
conventional methods and quadratic B-spline methods.
Fig. 4 provides spline and conventional piecewise linear
stream models against raw data for roadways 1-10, US-281
and Loop-1604, respectively. Tab. 1 presents model parame-
ters and knots of multi-regime stream models. Tab. 2 lists
least square error for training and prediction using spline and
conventional three-regime models. Spline models have smal-
ler training and prediction errors than the conventional coun-
terparts, suggesting spline models have better fitting and gen-
eralization capability. This is because a global optimization
criterion is set forth in spline regression to seek the best knot
(break point) positions. On the contrary, the knot position is
subjectively determined in conventional methods, which is
unlikely to be optimal. Other benefits of spline regression in-
clude that they are flexible in terms of data fitting and con-
tinuous at knots, providing smoother traffic stream models.
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Fig.4 Spline and conventional multi-regime speed-occupancy models. (a)Roadway 1-10; (b)Roadway US-281; (c)Roadway Loop-1604

Tab.1 Spline and conventional multi-regime stream models

Methods Roadways Multi-regime stream models
71.38 -0. 147p p<14.44
I-10 = {109. 92 -4.14p 14. 44 <p<20. 40
Conventional 35.73 -0.50p p=20.40
iecewise 49.26 -0.2 <28.2
pi W.IS US281 u:{ 9.26 -0.26p p<28.28
regression 95.25 -1.88p p=28.28
59.35-0.03p p<8.29
Loop-1604 =
oop {66. 38-0.88p  p=8.29
L10 Interior knots: [14.91, 27.75]
Coefficients: [62.510, 70. 655, 25.567, 14.991, 16.831]
Quadratic B- US281 Interior knots: [17.26, 34.64]
spline regression Coefficients: [46.758, 46.612, 46.447, 11.881, 14.372]
Loop-1604 Interior knots: [12.49 34.24]

Coefficients: [60.081, 59.533, 51.900, 20.277, 23.877]

Tab.2 Comparison of least square error for spline and conventional stream models
Spline models/(km+h~')?

Conventional models/(km-h )2

Roadways — — — —
Training Prediction Training Prediction
1-10 178 097 93 472 209 728 104 643
US-281 54 240 25293 63 329 30 145
Loop-1604 105 380 47 809 120 909 52 202

Note: 70% dataset for training and 30% dataset for prediction
5 Conclusion

A methodological framework for developing multi-re-
gime traffic stream models using cluster analysis and B-
spline regression is presented. The new method is a data-
driven approach, which does not presume any linearity and
monotone at any regime, and non-linearity is automatically
taken into account. The benefits of the new method are as
follows. First, model parameters include coefficients and
knots are globally and optimally determined to produce the

best fitting of actual speed-occupancy observations under a
specified number of regimes and the order of splines. Sec-
ondly, derivative continuity up to one order lower than the
highest spline degree can be preserved, which may be de-
sirable in some applications. Thirdly, the new method has
great flexibility, as the number of regimes and order of
spline can be adjusted to provide the best fitting to actual
observations. As a result, nonlinear relationships can be nat-
urally captured by B-splines. This method can also be used
for developing multi-regime speed-density relationships.
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