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A Variant-Weighting Factor Method for Estimating of Traffic states on Freeways

N. POURMOALLEM, T.NAKATSUJI, T.FUJIWARA
Faculty of Engineering, HOKKAIDO University

Abstract: This paper describes improvement to Cremer’s variant of Payne’s macroscopic freeway
traffic flow model, with the objective of using the improved model to drive an extended Kalman
filter for estimating traffic states. We extend the flow rate and the time mean speed equations to flow
density under the influence of responsive traffic states. We make a method-orientated approach for
optimization of the model parameters. Using traffic data of the Metropolitan Expressway, the
effectiveness of the improvement was investigated. The extended model the estimation errors greatly,

comported with the original Cremer model.
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1. Introduction

Macroscopic traffic flow models, based on a
hydrodynamic theory (compressible fluid) of traffic
flow contain several traffic variables, the variables
defined by state equations and observation equations.

State equations describe the density and space
mean speed variables. The concept of treating traffic
macroscopically as a continuum was proposed by
Lighthill, et al.(7). After that, the model was revised,
and another equation including the dynamic behavior
of space mean speed was introduced by Pipes (2),
Payne (3), Philips (4)etc. Payne formulated the
equilibrium hypothesis for density-speed.

Observation equations describe the flow rate and
time mean speed variables. As a direct consequence of
the other continuum variables of the macroscopic
traffic flow models, flow rate products the density and
the space mean speed variables at end each segment by
Wardrop (5). After that flow rate and time mean speed
improved by Lebacque (6) and Cremer (7). They
assumed, a constant weighting factor in observation
equations, that defines the flow rate at a point as the
linearly-weighting average of the product of density
and space mean speed in both adjacent segment.
Lebacque described the weighting factor, that obtained
by application should be limited to the capacity of
segments. Cremer optimized the weighting factor with
other model parameters, which is solved by non-linear
programming (8). In both the Lebacque and Cremer
models, when traffic is in free-flow states, flow rates
are influenced by the upstream traffic states. On the
other hand, when traffic is congested, they are
influenced by the downstream states, a constant
weighting factor cannot reflect these phenomena.

To cope with this problem, we made improvement
on the observation equations based on the Cremer
model. We introduced a weighting factor that is
defined as an exponential function of density. By
providing a the weighting factor for each segment, this
made it possible to apply the modified observations
equations to extensive traffic situations.

The paper is organized as follows: In the next
section, we provide basic of macroscopic traffic flow
modeling. In the third section, we address how we
improved the observation equations. In the forth
section, we have segmentation of road from the
Metropolitan Expressway. In the firth section, we
presented a  method-oriented  approach  for
identification model parameters. In the sixth section,
we present the experimental results, we examine how
effective the improvement is. In seventh section, we
evaluate the new observation equations. In the eighth
section, a summary with conclusions is given. Finally,
we provide basic of Kalman filter (9) and Box's model
(10) in appendix.

2. Macroscopic Traffic Flow Modeling
2.1 Model Variables

Macroscopic traffic flow models describe traffic
phenomena aggregately based on traffic variables, such
as density, average speed, and flow rate. Consider the
section of freeway shown in Fig.1. The section may
have on- or off ramps and may contain a change in the
number of lanes. The freeway is now considered to be
formally divided into several sections, each section of
freeway is subdivided into several segments.
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Fig.1 Discretized section of a freeway.
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With respect to this configuration the following
macroscopic variables are introduced:

¢i(k): density in segment / at time & (veh'km)

vi(k): space mean speed of the vehicles (k. hr)

qi(k): flow rate from segment / into segment J+/
during time interval k to k+1 (veh/hr)

wi(k): time mean speed, harmonic individual vehicle
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speed which are measured at cross-section i-th
segment during time & to k+ I (km/hr)

r(k) and s,%): flow rate of on-ramp and off-ramp
during time interval & to k+1 (vel/hr)

AL; : length of segment i

2.2 Model Equations
a) States Equations
- density
Modeling traffic as flow of a compressible

hydrodynamic as proposed by Lighthill, et al. (1). In
that model, the simple hydrodynamic equation
employed only the conservation equation which has
general consideration of the dynamic behavior of
density:

& g

B + o r—s ¢Y)
for our purposes, it is more convenient to consider
differential equations. With these variables, a space
discretization form of Eq.(1) can be given:

c,~(k+1) = Ci(k)+ AALI‘:[qi 1Tt si](k) @

- space mean speed

After that, the model was criticized and another
equation representing the dynamic behavior of space
mean speed was added by Pipes (2), Payne (3), Philips
(4), etc. The ideas of Payne the mean speed is
influenced by three terms: a relation term, a convection
term and a density gradient term. This is expressed by
the follows equations:

d & 2l po) va
2 aVa v A )

Papageorgiou (11), Cremer (7), eic. improved the
Payen-type macroscopic mode} as Eq.(3). The Jensity
gradient term reflects the drivers’ anticipation to a
foreseen relative density change, and the a density
parameter takes into account that this effect become
negligible for low density values, which are improved
by Cremer as follows.

vk +1) = v,-(k)+%[V("i)‘ ”i](k) ’

.1 @
fz—f[vi -7 )](k) ' E%{iﬁi—l]&)

1

where A is the time interval of simulation. 7 is time
constant, v is senmsitivity factor ,and x is density
parameter. V{c) in the above dynamic behavior of
space mean speed is the steady-state speed, which is
defined by a density-speed characteristic (k-v) curve by
May et. al (12) as follows;

AN (/0 - m))
V(ci(k))=vfl:l—[—'(—kl) } (&)

Cmax

where vy is free speed, Cpmux is jam density. m and [ are
positive real parameters (! > / and 0sm<).

b) Observation Equations
- flow rate

A simple identity provides the basic relationship
between flow rate, space mean speed, and density by
Wardrop (5):

gq=cv ©)

In one way, substituting the density Eq.(2) and the
speed V(cifk)) Eq.(5) into Eq.(6), we geta flow-density
relationship Qfci(k)] that is broadly known as the
fundamental diagram of traffic engineering. The flow
rate is as follows:

0,0 = ()] ™
which we will call model A. Other dictionaries way,
substituting the density Eq.(2) and the space mean
speed Eq.(4) into Eq.(6), we get a flow-speed-density
relationship as follows:

g; (k) = ¢, (k)v; (k) (®)
which we will call model B. In some models , the flow
rate can be expressed as a linearly-weighted average of
products of the density and the space mean speed on
the adjacent segments as shown in Fig.1 with the
models A4 and B. The flow rates were linearly described
as follows:

qi(k) = OQ[Ci(k)] +

(1= ey ] -7 0]~ 5®)

q;(k) = EQ[mm{cf(k],ccr}] 4
(1-@der 1 (0] -7 0] - 500
ql-(k) = ‘1}'(" )";(k) #
an
(1@ 81 (8) =1 (B)] =58
where @ and & are the weighting factor. In Eqs.(9)
and (11), the weighting factor is as follows;

a = constant, renegeof 0 Sa <l (12)
In Eq.(10) & defined by Lebacque (6) as follows:

= G if (k) <cer
l—a if ¢ k)2
- time mean speed
The time mean speed wifk) as a linearly-weighted
average of the space mean speed:

wi(8) = [, + 0= | s

©

(10)

(13)

(14

where ¢ can be same as the above value of the
weighting factors in each Eqgs.(12) and (13).

We start with the version by the original Cremer model
(OC model)(7). The Cremer model first estimate
traffic states using the state Eqs.(2) and (4) and the
observation Egs. (11) and (14) then adjusts them using
observed detector data, the model is combined with a
Kalman filter (9).
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3. Variant-Weighting Factor Method

As shown in Eqs.(9), (10), (11), and (14) assumes
a constant weighting factor as Eq.s(12) and (13). It
states that the upstream segment i contributes to flow
rate and time mean speed by a linear relationship ¢,
and the downstream segment i+ contributes by (7/-a).
However, it is a bit unreasonable that the factor o does
not depend on traffic states: When traffic is in a free-
flow state, traffic dynamics are mainly dominated by
the traffic states in the upstream segments. On the other
hand, when traffic is in a heavy state, they are strongly
influenced by the states in the downstream segments,
since some growing congestion generated in a
downstream segment would propagate upwards. A
constant weighting factor cannot describe such
phenomena. To deal with this problem, we introduced
a weighting factor that was dependent on traffic states:

a= f[c,.(k)] (13)

where f denoted an negative exponential function play
role relationships between weighting factor and traffic
states as density ¢;(%) as follows:

"(c,»(k)) -l (16)
where § is a curvature in the range of 0 < <I. By
providing a weighting factor for each section, we can
apply the OC model to extensive traffic states. We call
this method a variant-weighting factor method (VWF
method).

Since this function decreases monotonously with
density, it can represent the above-mentioned traffic
flow phenomena very well. It should be noted here that
the introduction of such a factor would make the
structure of both the state and observation equations
complicated as the feed-forward  concept.
Consequently, it would become burdensome to
differentiate the equations and derive the state and
observation matrices in Kalman filter (see App.(a)) as
the feed-back concept.

4. Data Collection

The observed data used here came from a road
section on the Metropolitan Expressway (Shuto
Kosoku, Yokohama-Haneda Line) as shown Fig.2.

Traffic detected were installed on both nearside
and passing lanes. Date variables were flow rate, time
mean speed, and occupancy. As shown in Fig.2, we
divided the road section into 3 sections S1, $2, and S3,
that is, we assumed that there were 11 segments whose
lengths AL, ranged from 400 to 600 meters as shows
Table 1. Then we assumed that traffic data were
observed only at four points of OP1 (entrance), OP2,
OP3, and OP4 (exit), although the data were actually
observed at all the boundary points. We used the traffic
data from Oct. 28 to Nov. 1 in 1993. Considering the
balance with the segment length, we used the time
interval of 10 seconds for the macroscopic simulation.

Kanagawa  pamam A )
Management o A
Department A
Kanagawa Route 2 e RNy
Mitsuzawa Line o \3 Bayshore

N

S : Section
OP : Observation Point
CP : Checking Point

Fig.2 Geometric of the Metropolitan Expressway.

Table.1 Configuration of sections.

section length  segments  on- off-
(km) ramp  ramp

1 1.92 4 1 1

2 1.23 3 - 1

3 1.98 4 1 1

5. Identification Model Parameters

We mentioned earlier that the OC model is very
sensitive to the variation of the model parameters.
Cremre presented a model for estimation model
parameters. They examined the sensitivity. They stated
that the parameters of the density-speed curve, such as
V5 Cmax M, and { in Eq.(5), were more sensitive than the
other parameters of the traffic flow model, such as 7, v
, and x in Eq.(4) (see App.(b).

For estimation model parameters, we defined a
method-orientated approach. In the approach, Box's
compels algorithm has a role optimization of the
model parameters (see App.(c)). In this way, Boxs
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complex algorithm combined with the traffic flow
model and observed data as Fig.3.

Fig.3 Model-orientated approach for estimation of
model parameters.

We optimized the parameters so as to minimize the
following objective function Ji(s) Eq.(17) at each the
checking point (CP1, CP2, CP3):

%
IO 2 2 w{l? )
19=% Z;T[.”} -W,-)k *7(@ “UL J
k=14, w,
J

where s is number training patterns, and Jj(s) is
estimation errors in s-th pattern. g,(k) and § (k) are
observed and estimated flow rates at checking point j
at time k, respectively. wj(k) and v (k)are time mean
speed. A is the total number of time steps.
o-%j = 62500 (vel/h)® and a%j = 49 (km/h)? are the
standard deviation of flow rate g;k) and time mean

speed wy(k). Table.2 is given ones for extensive traffic
states.

Table.2 Optimum parameters at each section by
model-orientated approach using the OC model.

section vr Crnax (-1 1. a
km/h veh/km (1-m)
1 84 328 1.7 49 0.75
2 84 288 1.4 4.9 0.73
3 87 198 1.9 4.7 0.74

To investigate the effect of traffic states using the
weighting factor, we optimized it for shorter time
periods: Subdividing the time periods into 32 shorter
ones, we re-optimized the weighting factor so as to
minimize the differences between the estimated and the
observed ones at the checking points, while fixing the
other parameters at constant values. Fig.4 shows the
relationship between the optimized weighting factor
and the averaged density of the upstream segments of
the checking points. We can see that the factor
definitely decreases as the density increases. In this
way, the weighting factor is strongly dependent on
traffic states and it is unreasonable to adopt a constant

weighting factor. This is why we introduced the
variant-weighting factor method (VWF method).

1 -

5 0]
3 08 -
=
20
= 04
3 0.2
200
3 O T
0 100 200 300 400
Density (veh/km/2lanes)
----- OCmodel o Regression —— VWF method

Fig.4 Weighting factor versus density.

We established the model-orientated approach for
estimating model parameters that was based on the
VWF method combining Box's complex algorithm.
Table.3 presents the estimated parameters at each
section. The parameters of the traffic flow model, such
as 7, v, and k were omitted, except for the weighting
factor a defined using Eq.16.

Table.3 Optimum parameters at each section by
model-orientated approach using the VWF method.

section vr Cmax t-1 __!_
Jem/h veh/km (1-m)

1 84 330 1.8 4.9

2 84 284 13 43

3 89 176 1.9 4.7

6. Estimation of Traffic States

To examine how effective the improvements we
made were for estimating traffic states, we applied the
two approaches, which were linear relationship as the
OC model and non-linear relationship as the VWF
method, to a road section shown in Fig.2. Although it
was a bit tough to find any time period in the
Metropolitan Expressway that includes simultaneously
both light and heavy traffic states, by taking such a
time period from 13:30 to 14:30 on Oct. 29 on
sections S1 S2, and S3, we investigated how precisely
the VWF method could estimate the flow rate and the
time mean speed at CP1, CP2, and CP3. Since it was
not adequate to use the parameters that were identified
by the traffic data on the same day, we used the
optimal ones in Tabs.2 and 3, excluding the ones on
the same day. Fig.5(1) shows the flow rate estimates
by the VWF method at CP3, compared with those
produced by the OC model. The estimates were
compiled every minute to compare with the observed
ones. We can see that the flow rates by the OC model
differ somewhat from the observed ones. On the other
hand, the ones by the VWF method more or less agree
with the observed data except for the initial time
period. Similarly, Fig.5(2) shows the estimates of time
mean speed of the same time period as in Fig.5(1).
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Both methods are not successful in describing the
abrupt change at around 40 minutes.

50 Checking Point 3. 13:30-14:30, Oct., 29, 1993
1.l
g
2
=
&
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Time (mm)
o Observed ------- OC model VWF method
(1) Flow Rate

Checking Point 3, 13:30-14:30, Oct,, 29. 1993
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(2) Time Mean Speed

Fig.S Estimates by the OC model and the VWF
method compared with those observed at CP3.

7. Evaluation of Variant-Weighting

Factor Method

To evaluate the effectiveness of the VWF method
in more detail, we applied those methods to traffic data
from other days. That is, picking out a time period per
day from Oct. 28 to Nov. 1, we estimated the flow
rate and the time mean speed at three checking
points using these methods and compared them with
the observed ones. Fig.6 shows the comparison of the
estimation errors of flow rate (1) and time mean speed
(2) at three checking points of the same time period for
the OC model and the VWF method. The estimation
errors were evaluated by the root mean square errors
(RMSE) as follows;

,, 1/2
$(a,-0))7) ®

1
nizl

RMSE of flow rate = (

172
RMSE of tim ed={18&(. a9
0 € mean spe [—Z(Wj“wj) ] (19)

ni=1

Consequently, in this case, the VWF method
decreased the estimation error 20 to 46% for the flow
rate and 4 to 6% for the time mean speed, compared
with the OC model.

Fig.7 shows how many times each method
estimated most precisely for all the time periods in
Fig.6. The VWF method was best for 13 of 2 sets of
traffic data for flow rate, and for 8 of 7 for time mean
speed. Adding the numbers in which the VWF method
was best to those of the OC model, the estimation
precision was improved for almost all traffic data. In
other words, the improvements we made here were

effective in accurately estimating both the flow rate
and the time mean speed.
13:30-14:30, Cet. 29, 1993

g 10;
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5 5 5‘ =
é’ 5 . ’ OC model
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] — —
Checking Point 3
(1) Flow Rate
13:30-14:30, Oct. 29, 1993
15
s § ]
2o !
& E 104
255"
g : 5|  OCmodel
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(2) Time Mean Speed
Fig.6 Comparison of estimation errors at three
checking points evaluated by the OC model and the
VWF method.

Flow Rate
Time Mean
Speed
0% 20% 40% 60% 80%  100%
W OC model OVWF method

Fig.7 Comparison of how many times each method
estimated best flow rate and time mean speed (Oct. 28
to Nov. 1).

8. Conclusions

The original Cremer model, in which the traffic
states defined by density and space mean speed are
first simulated by a macroscopic traffic flow model
and then they are corrected by the actually observed
data using the Kalman filter, is very useful for
estimating traffic states on a freeway. However,
because the model is very sensitive to the variation of
model parameters, we have to identify them carefully.
In this paper, we tried to improve the observation
equations based on the original Cremer model: We
established a weighting factor that was responsive to
traffic states. Applying the modified method to a road
section on the Metropolitan Expressway, we evaluated
how precisely they could estimate the traffic states and
compared them with those by the original Cremer
model. We introduced the variant-weighting factor
method, that was responsive to traffic states. In many
examples, the method consider ably decreased the
RMSE of the flow rate and the time mean speed.
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Appendix
a) Kalman Filter Technique

Choosing c;(k) and v;(k) as the state variable vector
x;, and as the observation variable vector y; we
defined the following Kalman filter (KF ¥

Xp i =f(xk)+§k (al)
Vi =g(xk)+§k (@2)

We linearize these equations as following:
Axp 1= (DkAxk + ék (a.3)

where A is the difference of vectors, & and (f are the
noise vectors. ®, = 4/&is the state matrix and
¥, = gfa is the observation matrix. Calculating &,
and ‘¥, step by step, we can correct the state variables
every time we obtain the newly observed data y: and
i, and %, as the filtered estimate of x;. K is Kalman
gain matrix.

where %, = f(%,_;) and 3, = g%, ). The vector 7, and
¥, are referred to as the one-step predictor of x;

b) Sensitivity with Respect to Parameters Change

Cremer and Papageorgiou presented a method for
estimating of the model parameters. In addition, the
sensitivity of the model with respect to parameter
changes and structural changes was investigated. The
results are listed when each parameter is changed by
+5% successively as presented Table a.1.

Table a.1 Sensitivity index (value of parameter £ 5% )
for small parameter changes.

parameter -5% +5%
vr 9.0% 3.0%
Crmax 4.0% 1.0%
71 6.0% 1.0%
1/(1-m) 0.0% 2.5%
a 1.0% 0.0%

K 1.0% 0.5%

v 0.6% 0.0%

7 0.2% 0.3%

¢) Box's Complex Algorithm

The constrained Complex (Simple) model for
finding the maximum (or minimum) general non-linear
(or linear) value of a function
Y = FX, X!”"'XI""Xm)

X = control variables

7 = states variables

P unknown variables

A=12 s M)

(a.6)

where

By obtaining sets of observed data ('?K'fl() (k=1, 2,

....NJ, one can identify the variables by a regression
technique. Since Eq.(a.7) is a in non-linear form and is
subject to some constraints given by Eq.(a.8), the
problem here reduces to a linear constrained least mean
square problem. The known variables are estimated so
as to minimize the objective function J as follows:

J = ZN: [?K - F(iK - le ...... 'XM)ilz (a.7)

K =1

subject to M constraints of the form

Gy S Xy <Hg (a.8)

K=1 ....M
where  x e X, o ae functions  of
) ST Xy and the lower and upper constraints

Gy and Hy are either constants or functions of
(To find a minimum, -F is

maximized.) It is assumes that an initial point
X 24 , which satisfies all the M constraints

is available.
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