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ABSTRACT

This paper discusses the continuous parameter calibration of microscopic traffic
models in online simulations. An algorithm is described which uses a recent devel-
opment in filter theory, the Unscented Kalman Filter. The algorithm is supplied
with data of loop detectors and, of course, with the model. It adapts continuously
the model parameters to the incoming data in order to keep the online simulation
as realistic as possible. The parameters to be filtered have to be chosen carefully,
considering their probability density function, which should be roughly Gaussian-
distributed.

Numerical experiments in simple non-real scenarios was carried out using the
“SK-Model” proposed by Stefan Krauss. The results show the ability of the filter
algorithm to calibrate at least some of the model parameters online.
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INTRODUCTION

The online simulation of road traffic is a promising approach to provide network-
wide traffic information. By continuously supplying a simulation model with actual
observation data the traffic situation in the whole net, particularly in unobserved
parts, can be estimated.

Up to now, macroscopic modelling approaches have been used for online traffic
simulation (e.g. [9], [6]). Recently the online application of microscopic traffic
models is gaining acceptance. With the traffic information system OLSIM [11] a
research implementation of a large-scale microscopic online simulation has been
developed and is simulating the highway network of a state of Germany.

The challenge in using microscopic models traffic for online simulations is beside
higher requirements in computing power the difficulty to calibrate the model pa-
rameters. Besides simple microscopic models with a few parameters (e.g. “Optimal
Velocity Model” [1], 5 parameters), there are also highly complex “high-fidelity”
models like MITSIM (about 15 parameters), which try to reproduce traffic as re-
alistic as possible, but at the cost of a large number of parameters and increased
numerical efforts. Typical parameters are e.g. comfortable acceleration and decel-
eration, top speed, headway, gap acceptance and propensity to change lane. The
difficulty in calibrating these parameters is partly due to the fact that they do not
directly relate to the observed data. Furthermore some of the parameters depend on
weather conditions, nightfall and darkness as well as driver- and vehicle-population
characteristics. The influences of these factors onto highway traffic have been in-
vestigated in a lot of studies. For example in [7| higher flows was observed for
more mature and more male traveler groups, as well for non-rainy conditions with
fewer long vehicles. In [10] for heavy rain on highways an average speed reduction
of about 30 km/h was determined. Obviously, these influences are subject to spa-
tiotemporal changes. Thus, a continuous and spatially separated calibration of the
appropriate model parameters is required to keep an online simulation as realistic
as possible.

Independent from the selected microscopic model for car-following and lane change
behaviour a traffic simulation is determined by some macroscopic parameters, which
determine the flows and speeds at the borders, the vehicle mix and turning percent-
ages at knots. Obviously these parameters are dynamic and have to be calibrated
too.

The idea of a continuous calibration of microscopic online simulations was men-
tioned in 3], but no algorithm to do that has been proposed so far. For macroscopic
models the use of the Kalman Filter approach to solve the parameter calibration
problems was investigated [2] and showed encouraging results. Here we investigate
the use of the Unscented Kalman Filter to calibrate microscopic traffic models in
online applications. We concentrate on highway traffic, where inductance double
loop detectors are used as data sources. Numerical experiments using the proposed
approach are described in the second part of this paper.
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METHODOLOGY

The set of parameters to be calibrated is denoted as w. Typically the parameters
in w are unknown and can be considered as continuous random variables, repre-
sented by their probability density function p(w). Online calibration requires a
continuous tracking of p (w). The appropriate technique for parameter tracking of
dynamic systems is filtering.

Parameter estimation with filters. Filters are recursive estimators. Besides
state estimation, they are used for parameter estimation of dynamic systems.
Therefore the following state space representation is formed:

W1 = W+ Tk, (1)

It is common to model the dynamics of a set of parameters wy corresponding
to a stationary process with identity state transition matrix, driven by a noise
term r;. The nonlinear function G (xy,wy) provides the data measured in the
online simulation, when the traffic model is applied to the system state x; for the
timespan At, using the parameter set wy. The desired output dy is equivalent to
the real-life traffic data, observed at time ¢t = kAt.

Despite recent development efforts in many other advanced traffic surveillance
systems, inductance loops are still the most widely used traffic sensors. Loop detec-
tors usually deliver aggregated data only, containing average speed v and average
time headway T as well as their standard deviations ¢ and o(™). So the observa-
tions in the real world dj respective in the simulation G (zy, wk) are described by
these four values {17, T,00, O'(T)}. However, sometimes single event data are avail-
able for further processing. Then the observation in the simulation G (xy, wy) can
be extended by another value ¢, representing the absolute deviation between the
event sequences measured in the real world Vg, (t) and in the simulation Vi;,, (%),
where V' (t) is the sum of all detected speeds between ¢, and ¢ :

vin= Y w (3)

(tivi)|to<t;<t

For a time span [ty, to + At] the deviation ¢ is calculated as:

o e (Vi (6) — Vi ()"
fto+At VReal (t) dt

(4)

The desired output dj, for 0 is zero, because here the error e is observed directly.

There are different filtering algorithms to estimate w; and its covariance P,, .
The application of particle filters would allow to estimate parameters with non-
Gaussian distributions p (w). However, for microscopic traffic models the calcula-
tion of G (xy,wy) demands extensive computing, so it is too costly to do that in
real-time for thousands of particles (parameter sets).

The Kalman filter and its derivates require a roughly Gaussian distribution of
p (w). That limits the choice of parameters to be filtered, but seems to be inevitable.
The basic Kalman filter is not feasable because of the non-linearity of G (zy, wy).
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The Extended Kalman Filter (EKF) was the standard technique for performing
recursive nonlinear estimation so far. However, it provides only an approximation
to optimal nonlinear estimation and turns out to be numerically unstable. An
alternative with performance superior to that of the EKF is the Unscented Kalman
Filter (UKF).

Parameter Estimation with the Unscented Kalman Filter. The UKF was
first proposed by Julier and Uhlmann [4] and further developed by Wan and van
der Merve [12|. It offers a better performance then the EKF and is simpler in
implementation. Asin the EKF the probability density functions of the parameters
p (w) are represented by Gaussian random variables, but are now specified using a
minimal set of carefully chosen sample points.

The algorithm starts with an initial expectation of @y = E [w]. Here a default pa-

rameter set can be used. The initial covariance matrix P,,, = £ [(w — ) (w — wO)T]

should reflect the confidence in the initial parameter estimation .

The equations of the UKF for parameter estimation are presented in Table . A
description with regard to the present application follows below.

In (5) the propagated parameter set w, is equated with the previous parameter
set estimation w_;, because no information about the parameter’s dynamics is
available.

In (6) the covariance matrix P,, is propagated by adding the noise term Rj.
Higher noise values lead to an increase of error, but ensure a faster adaption to
the changing of parameters. So 7], has to be chosen as trade-off between a good
convergence rate and tracking performance. For solving optimization problems
there are algorithms to gradually reduce Rj. However, for the present tracking
problem a constant R" gave satisfying results. R} also sets a lower bound for
the parameter covariance P, what prevents the algorithm from stalling. This is
important for present application, because the error ¢, can indeed fall to zero.

In (7) the 2L + 1 sample points specifying p (w) are calculated and stored in the
columns of the matrix WW. To calculate the matrix square root of P, the Cholesky
factorization is used.

It may happen that a parameter in W, exceeds its valid range. For this
parameter the simulation would not deliver reasonable results or even not run. A
way to handle this problem is to shift the value of this parameter into its valid
range. Obviously then the arrangement of the samples does not accurately capture
the known statistics anymore. However, it seems to be a proper way to ensure a
stable algorithm, as tests showed.

To calculate G (zx, Wijs—1) in (8), for each sample parameter set (each column)
in Wyx—1 a copy of the simulation is created, initialized with the actual traffic
state estimation and run for the time span At¢. In the simulations traffic data are
observed in the same way like in the real road net. The data are stored in Dy,

and the mean dj, is given by their weighted average (9).

In (10) the transformed covariance P; ; is calculated as the weighted outer
product of the observations, added by the observation noise covariance Rj. The
observation noise is here assumed to be a Gaussian, uncorrelated, white sequence
with constant covariance.
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Unscented Kalman Filter for parameter estimation [12]

For ke{l,...,00} with increment At, the time update and sigma-point
calculation are given by

UAJ]; — UAJ]C,b (5)
Pujk = Pwk—l + szlj (6)
Wik-1 = [@E Wy + 73/ Po. Wy — PJJ , (7)

The sample weights are calculated as
Wy = 25, W = 25 +1—a?+ B and W™ = W = ;A for all

+X? 2(L+2)
i=1,..2L
Dijp—1 = G (2, Wige—1) (8)
2L
di, = ZVVZ‘(m)Di,k\k—L (9)
=0

And the measurement-update equations are

2L
A ~N\NT
Pja, = Z W <Di,k;\k—1 - dk) <Di,k|k—1 - dk) + R, (10)
=0

2L
\NT
P’wkdk - Z VI/Z(C) (W’i,k‘kfl - wk_) <D’i,k‘k71 - dk) ) (11)
1=0
’Ck = P’wkdkpdjk(lik; (12)
i = i+ K (d = di) (13)
Py, = P, —KiP; Jk/cf, (14)

where v = L + A\, )\ is a composite scaling parameter, L is the dimen-
sion of vector w resp. the number of parameters to be calibrated, a = 1
determines the spread of the sigma points and § = 2 incorporates prior
knowledge of p (w).

In (11) and (12) the cross correlation matrix P,, 4, and the Kalman gain K are
calculated according to the well established Kalman Filter measurement update
equations.

In (13) the predicted parameter set w, is adjusted according to the deviation
of the real observation d, from the predicted observation cik. The Kalman gain
K determines the degree to which w, is adjusted. The covariance P,, is updated
according to (14).

The algorithm works recursively with time increment At. In general a short At
ensures a good tracking behaviour. However, to get reliable data from a detector
a considerable number of vehicles should have passed it during At. Furthermore
it has to be taken into consideration, how fast temporal changes of the external
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conditions influencing the road traffic occur. Probably an increment in range of a
few minutes is recommendable and was used in the following experiments.

EXPERIMENTS

To validate the efficacy and robustness of the proposed algorithm, it was imple-
mented and tested. For these tests the car following model proposed in [8] was
used. This “Stefan Krauss” model (SKM) contains just four parameters with intu-
itive meaning. Furthermore it is robust, accident-free, numerically efficient, and in
good agreement with empirical data.

In the SKM the velocity of a vehicle in the next time step is assumed to be a
function of its actual velocity v, the net (bumper to bumper) gap s and the velocity
of the leading vehicle V. The model is defined by the following equations:

e ©) = V O+ Sy O (15)
Ves () = min {Vmaz, v (t) + aAt, vsape (£)} (16)
v(t+At) = max{0,vgs (t) — 1} (17)

The random pertubation n = rand [0, a| is a random number between 0 and a
that allows for deviations from optimal driving. The model is parameterized by the
maximum speed v,,.,, the acceleration a, the comfortable deceleration b, and the
noise factor ¢, which is between 0 and 1.

A typical parameter set of the SKM for highway traffic is shown in Table 1.

The test implementation was used to estimate the traffic state in different scenar-
ios. Instead of real traffic data a simulation (denoted as “real world” simulation) was
used to produce traffic data. The advantage of this approach is that the “quasi-real”
traffic situation is completely known and the online simulation can be validated by
comparison. Furthermore the parameter set of the “real world” simulation could
be continuously manipulated to investigate the tracking performance of the filter
algorithm. The disadvantage is, that simulated traffic data only conditionally show
the charcteristics of real traffic data, so that tests with real traffic data have to be
performed next.

Experiment 1: Flow estimation on a highway onramp. Occurence, propa-
gation and disapperance of congestion on highways are mainly influenced by ramps.
The additional flow from an onramp as well as the merging process of the two traffic
flows can lead to a breakdown of the traffic flow on the highway. Depending on the
incoming flows the resulting congestion may propagate in upstream direction.

In this experiment the online simulation was used to continuously estimate the
traffic state on a 2 km long three-lane freeway segment with an onramp at 1 km
(see figure 1).

It was assumed that the inflow along the highway ¢;, is known from a detector
or a preliminary estimation and is constant at 5,000 Veh/h. The additional flow
Gaqq from the onramp was calibrated based only on the observations from a detector
situated downstream at 1,700 m, which gave data aggregated over 3 min.

In the “real world” simulation ¢,qq was initialized with 0. After 30 min it was
continuously increased up to 500 Veh/h over one hour, and then decreased back to
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0. When it reached about 250 Veh/h, the entering of the nearly saturated highway
by additional vehicles resulted in considerable perturbations of the traffic flow with
significant congestions. The only observed indication of these congestions was a
small decrease of the traffic flow g4 at the downstream detector (see figure 2).

The flow g4.; decreased, because in the SKM the outflow of a jam is not maximal
[8]. Because of the congestion the average travel times d on the complete segment
raised from about half a minute to about two minutes.

The filter algorithm was used to calibrate the additional flow ¢q,4q. Figure 3 shows
the real and estimated values for ¢,4; as well as for the resulting travel times d along
the highway segment. It can be seen, that with a small delay at the beginning the
algorithm was able to detect the congestions in the onramp area and to give a good
estimation of the real travel times d. The fluctuations in the estimation of ¢,4, from
minutes 90 to 115 can be traced back to the fact that the onramp was completely
jammed during that time, so that changes in ¢,4q Was observable at qg.; with a long
delay only.

This experiment showed the ability of the proposed algorithm to detect traffic
congestions based on local measurements from detectors situated downstream of
the congested area. If the results can be reproduced using real traffic data, this is
an improvement compared to existing flow tuning strategies for microscopic online
simulations (e.g. [5]).

Experiment 2: Parameter calibration on a single-lane road. Here a straight
5 km long single-lane road segment with open boundaries was investigated. A
detector located 4.5 km from the upstream end supplied observation data from the
“real world” simulation. Again the inflow was assumed to be known from a detector
or preliminary estimation.

The algorithm was used to calibrate the parameters V,,.., € and b of the online
simulation. The filter increment was set to At = 120s. The diagonal values of
the system noise Rj was set {0.5,0.002,0.7} and of the measurement noise R
to {0.001,0.00005,2, 1,1}, because that gave the best results. The “real world”
simulation as well as the online simulaton were initialized with the parameter set
from Table 1. After running for 90 min the parameters of the "real world” simulation
was modified. Within 20 minutes v,,,,, was decreased from 36 to 25 m/s, as it may
happen e.g. in heavy rain. The deceleration b was also slowly reduced, what could
be induced e.g. by a wet road. At the same time the noise factor ¢ was increased
continuously to 0.7. A reason for that could be decreasing awareness of the drivers,
e.g. because of fatigue in the night hours.

Figure 4 shows a plot of the real and estimated values of v,,,4., € and 0.

The filter showed the best convergence and tracking performance for V,,,,, what
can be explained with a significant relation between V,,,, and the mean speed
measured at the detector. The filter also was able to track £ and b, but with con-
siderable lower precision. Obviously these parameters are of less influence to the
model output. Possibly for a real application the need to calibrate these parameters
online would have to be examined. However, for all three parameters a continu-
ous estimation is possible and gives usable results, at least in this simple non-real
scenario.
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CONCLUSIONS AND FUTURE WORK

The Unscented Kalman Filter can be used to continuously calibrate at least
some of the dynamic parameters of a microscopic online simulation. For selecting
the parameters to be calibrated the shape of their probability density functions as
well as their meaning and their impact on the model results have to be considered.
The number of parameters should be kept low, because for L parameters 2L + 1
parallel simulations of the investigated road net are needed for filtering. However,
on the one hand the algorithm is predestinated for parallel computing, and on the
other hand the calculation effort can be reduced by filtering the parameters just
for some parts of the road net and adapt the parameters in not-filtered segments
respectively.

This paper is conceptual in nature. Extensive tests of the algorithm in larger
and more structured road nets, using real traffic data with a wide range of flows as
well as further traffic models have to be carried out next.
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TABLE 1. Typical parameter set of the SKM for highway traffic

| Parameter | Typical Value |
maximum velocity v,,q. 36 m/s
noise parameter ¢ 0.85
acceleration a 0.8 m/s?
deceleration b 4.5 m/s*
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FIGURE 1. Experiment 1: highway onramp
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FIGURE 2. Flow measured at the detector (at 1,700 m)
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FIGURE 4. Results of parameter estimation for V.. , € and b; real
data dashed, estimation solid
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