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Model predictive control with repeated model fitting
for ramp metering

Tom Bellemans, Bart De Schutter, Bart De Moor

Abstract—In this paper we deal with model predictive control The idea behind ramp metering follows from observations
for ramp metering on motorways. A discussion of the way ramp  of the average traffic flow (throughput) and the average traffi
metering tries to prevent, or postpone, congestion on a MOIOMA  jansijty in a motorway section. The observed relationship

is presented. As an example, a real-life motorway in Belgium bet traffic d it d traffic f .
is presented. We discuss a traffic flow model that is used in etween average fraflic density and average trailc flow 1s

a receding horizon framework and we argue that the quality Plotted in Figure 1. While the average density in the section
of the fit of the traffic flow model to the measurement data is smaller than a critical value the flow increases with

has an impact on the quality of the optimised metering signals. increasing density. At the flow is maximal and with further

Therefore, we suggest to re-fit the most sensitive paramete j,creasing density, the traffic flow starts to decrease agein

the traffic flow model on a regular basis. We conclude this paper h imal ’ d . . hed. th ffi

with some simulation results. the maximal average densitun is reached, the traffic comes
to a halt and the flow becomes zero. This relationship between

traffic density and traffic flow is known in traffic literatures a

the fundamental diagram [2].

Index Terms—Model predictive control, traffic control, ramp
metering, identification

I. INTRODUCTION

N this paper we discuss optimal ramp metering as a mez 5009

to postpone or, ideally, prevent congestion on motorway
As an example, we look at a real-life situation on the E1 400
motorway Ghent—Antwerp in Belgium. We present how ram
metering tries to address the problems that can occur in tic
network. Next, we discuss a model predictive approach f-g 3000
ramp metering. After a description of the model and th<
cost criterion used, we discuss model identification. Sin<5 2000
the traffic situation on motorways is influenced by varioul-
factors that are not all incorporated into the model, we arg!
that a regular re-fitting of the motorway model improves th  100(¢
accuracy of the control. We illustrate this with some sirtiola
results.
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Il. PROBLEM DESCRIPTION | Cor . " Gam
. . . Density (veh/km/lane)
Recurrent congestion during rush hours is a common prob-

lem on motorways around the globe. In this section we discusg. 1. The flow—density relation of the traffic in a motorwaytsen which
how ramp metering can help to improve the traffic situation dfalso known as the fundamental diagram.
the motorways [1]. When no ramp metering is applied, cars
can try to enter the motorway as they wish. During rush hours,From Figure 1 we conclude that the traffic flow on the
cars that want to enter the motorway quite often form smatiotorway is optimal for the critical densitg,. A traffic
platoons (due to traffic lights, slower cars, ...). Thesegulas situation with a vehicle density larger theg is unstable, since
cause important disturbances of the traffic on the motorwaydisturbance that temporarily increases the density esglliit
because they have to merge in the traffic flow on the mainlinie. a reduced flow which in its turn causes a further increase
Ramp metering is implemented by placing a traffic light at thef the density. Ramp metering will try to keep the point of
on-ramp that allows the vehicles to enter the motorway inaperation in the stable region by limiting the metering riate
controlled way and thus reduces the disturbance of thedrafiin attempt to prevent the density on the motorway to grow
in the mainline. larger thancg, [3], [4].
_ , Figure 2 presents a schematic representation of the real-
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congestion would occur if no ramp metering were appliedrder traffic flow model that is discretised in both time and
Consider e.g. congestion on the motorway that is caused d¢pace. E.g. in the case of the motorway Ghent—-Antwerp from
traffic from the third on-ramp. As congestion spills furtlzexd Figure 2, the motorway is divided in 29 sections of 500 meter
further back, it eventually blocks the third off-ramp, whic and the discretisation stepl is chosen to be 10 seconds. For
in its turn causes the congestion to spill back even more.nltore information regarding these choices we refer to [9].

is clear that preventing this scenario can result in impdrta The behaviour of each of the motorway sections can be
efficiency improvements. In Section V, we will simulate ramplescribed using the following equations.

metering and investigate the impact of a model misfit on the The first equation expresses the conservation of the number
performance but first we will discuss model predictive cohtr of vehicles on the motorway. This conservation law statas th

of ramp metering in the next section. the density in sectiorj at time k+1 denoted asj(k+ 1)
depends on the density(k) in sectionj at timek and the net
I1l. M ODEL PREDICTIVE CONTROL APPROACH inflow in sectionj during the time intervalkAT, (K+ 1)AT):

In this section we describe the model predictive control A
[5], [6] based approach to ramp metering. The control signal Cj(k+1) = ¢j (k) + —-[Gin.j (k) — Gout (K)] 1)
(metering rates) we find using model predictive control are =
obtained by minimising a cost function over a predictioWheredin j(k) anddoutj(k) are the inflow and the outflow of
horizon N, using a traffic flow model. In order to reducesectionj in the time interval[kAT, (k+ 1)AT) respectively,
the computational complexity of the optimisation, we allowhile n; is the number of lanes and is the length of the
the metering rates to change only during the control horiz&ction. _ o _

Ne (Ne < Np). After the control horizon, the metering rate is The average speed;(k+ 1) in section j at time k+ 1,
kept constant for the remainder of the prediction horizen. EXpressed by equation (2), is the average spegH) at

a receding horizon framework, only the first sample of thi&e previous timek altered by three terms representing the
calculated metering rates is implemented while the others d0llowing phenomena: relaxation, convection and antitgra
discarded and recalculated during the next iteration. Qinee

metering rate is implemented, the process starts all ow&inag vi(k+1) = vj(K)

with the control and the prediction horizon shifted one semp !

forward. +AT Vici (k)] —vj(K)] Relaxation
The parameter&l, and N. are chosen with the following TT
trade-offs in mind. The large,, the larger the time horizon + ij(k) [Vi—1(k) —vj(K)] Convection
we look ahead. This allows us to foresee certain events, e.g. ]
a queue spilling back in front of an off-ramp, ... but it also ~ VAT[cj a(k) —cj(K)] Anticipation  (2)
increases the computational complexity. Taking into aotou tlj[cj (k) + K]

that we want to implement optimal ramp metering in an ORrpg rejaxation term in (2) expresses that vehicles in a motor
Ime_frame\{vork, we see tha, is I|m|ted from above by the way section tend to obtain a desired average spéeg(k)]
available time to do the calculations. For the length of theyi-h depends on the traffic density(k) in the section. The

control horizonN; a similar trade-off needs to be made. Since,rs adapt to this desired average speed with time constant
Nc determines the number of parameters (metering rates) thalz, empirical formula for the speed—density relationssip i

need to be optimised and since the computational complexbtr;,(,en by [2]:

of the optimisation increases strongly with the number o

parameters, we need to find a trade-off between performance ’ 1 /cj(k)\om

and computational complexity. Vej (k)] = vt exp{ — am \ Cor | : ®)
It is important to note that the sampling rate of the congoll '

will in practice be lower than the discretisation step of th he convectlon term takes into account that yehlcles tasetr .
discretised traffic flow model. As we will see in Section ©™ One section to the next need some time to adapt their

llI-A, a typical discretisation step for the traffic flow mddeSpeed fo the desw_ed average speed n the hew section. By
is one sample every 10 to 15 secondd 10— 15 sec). consequence, vehicles entering a section bias the value of

The metering rate does not need updating every 10 secomfs average speed in their new section towards the average

since the average dynamics of the traffic system change m&&?ed in the previous section. This bias is proportional to

more slowly. Therefore we can choose the sampling rate & difference in average speed between both sections and is

the controller to be one sample per minute or even less. escribed by the convection term in (2).

In the remainder of this section, we discuss the motorw. &a driver_sees a higher den_sity a_hgad,_ he will decglerahe. T
traffic flow model and the cost function in more detail. st term in (2) expresses this anticipation of the drivergie
density that lies ahead. The anticipation term depends en th

. density in the current and the first downstream section. The
A. The motorway traffic flow model model parameters, v and k can be fitted as discussed in
The motorway traffic flow model that we discuss in thiSection IV.
section was originally designed by Payne [7] and some addi-The flow g;(k) is expressed as the product of the density
tions were made by Papageorgiou [8]. The model is a secardk), the average speed(k) and the number of lanes:




Fig. 2. Schematic representation of the E17 motorway Gheritv@mp in Belgium.

This definition of the cost function leads to the following
qj (k) = cj(k)vj(k)n;. (4) expression:

Equations (1), (2), (3) and (4) are a description of the

. . . . ko+Np—1
behaviour of the motorway sections. Since we will use the _ ? .
model to optimise ramp metering, we also need a description (ko) = k% Z cj(kljn; +a Z Wn(k)
. i = jE€EIS me %,
of the behaviour of traffic at the on-ramps. The on-ramps can
be modelled as a queue resulting in the following equation: +0tramp(r (K) — r(k—l))2 AT @)
Win(K+ 1) = Wimn(K) + AT (Dm(K) — gom(K)). (5) with % the set of the indices of the motorway sections and

The queue lengthv,(k) changes according to the differenc% (:/vg:ehis: : ?aflcltr:)(:liﬁztOa{II:)r\]/(vasOtrc;_ralzrt]pribrTehirplzgasm:rtnelshasis
between the traffic demaridn(k) and the service ratg, m(k) ghing b P

. . n th urren f t the on-ramps. Th rameter
of the on-ramp. The service rate of the on-ramp is thg! € oceurrence of queues at the on-ramps © paramete

. a determines the relative importance of the penalty term
minimum of the number of cars that want to enter and thd?™P P P Y

. Or variations of the control signal. By increasi we
number of cars that can enter the motorway. This leads to: , . . S!9 y Wamp
obtain a smoother control signal.

Win(K)
AT

IV. | DENTIFICATION

Equations (1), (2), (3), (4), (5) and (6) completely define

Qmmin(rm(k), pmaxl_pl(k))} (6) the traffic flow model. In the study case of the E17 motorway

Pmax j — Per,j in Belgium we need to determine the paramet&yscey, am,

where Qp, is the maximal capacity of the on-ramp (veh/hy, v andk for every one of the 29 motorway sections. For
and pmaxj is the maximal possible density in the section thevery on-ramp, we also need to determine its cap&gipyand
on-ramp feeds into (here sectigf). Through the metering the maximal possible densitynaxj in the section fed by the
raterm(k), we can limit the service rate of the on-ramp. Then-ramp. For the studied E17 motorway stretch this adds up
metering raterm(k) theoretically lies in the intervgD, 1], but to a total of 186 parameters that need to be fitted.
often a lower bound is imposed on the metering rate such thailhe available data to fit the model to is available through

Qom(k) = mmFM@+

rm(K) € [Fmin, 1]. cameras that are installed every 500 m along the E17 motor-
way stretch under study. The camera images are processed int
B. Control objective and receding horizon control measurements of the flow and the average speed on a minutely

basis. The flow and the average speed in a section vary in time

. NOVY that we have a description of thg motorway systggs can be seen in Figure 3 where the measurements over a day
including the on-ramps, we need to define a cost funct%r?e presented

that expresses the performance of the traffic situation en t The parameter estimation problem can be formulated as

motorway. nonlinear least squares problem where the set of model

. . a
. We suggest to use the total “F“e spgnt by all the Veh'C|§§1rameter§B that minimises the following cost criterion:
in the system under study combined with a penalty term for

variations of the control signal [10]. The total time speakds

. . . . K
the vehicles in the different sections of the motorway ad welI _ { (K) — 6 (K 2Jr Vi (K) — 0 (k)2
as the vehicles in the queues at the on-ramps into account.B) & jezjs(q’( )= G(k) yjezjs( i)~ 9 (k)
This way, we try to make a fair trade-off between the time (8)

spent by vehicles in the queues at the on-ramps and the timeought [11].

spent by vehicles on the motorway. Since we are using modielthe cost function for identification (8), the simulatedwflo
predictive control, we work in a receding horizon framework; (k) and the average speegl(k) in every section are com-
resulting in the following definition of the cost functiorhe pared to the measured valugg(K) and vj(k) respectively.
cost function at timekg is the total time spent by the cars inThe squared error signals are summed overkthel samples
the network during the time intervéfoAT, (ko+Np)AT) plus  present in the identification data set.

a penalty term for the variations of the control signal dgrin One approach to the identification of a model to use in
the same interval. the model predictive control framework could be to collect



est sensitivity, we can reduce the computational complexit
substantially. E.g. for the presented motorway E17 Ghent—
Antwerp, this approach reduces the number of parameters
to be estimated from 186 to 70. In [12], it was claimed
that the difference in sensitivity is so high that parameter
values carefully chosen from literature can suffice for treest
sensitive parameters.

V. SIMULATION RESULTS

<

£ 1007 In this section we use computer simulation to illustrate the

; importance of a good fit of the model parameters.

8 50 ] We implemented the traffic flow model discussed in Section

a [1I-A for the motorway E17 Ghent—Antwerp and we assumed
0 w w w w that there is a ramp metering setup present at the fourth
0 S 10 15 20 on-ramp. We also assume that we know the parameter set

Time (h) Bret Which, combined with the traffic flow model, perfectly

Fig. 3. Evolution of the traffic flow and the average speedraye over a describes the real-life behaviour of the motorway. Thefitraf
minute) as measured by a camera detector on the E17 Ghent-gntwer  flow model with parameter s will be used to assess the
performance of the developed controllers.

Two model predictive control based ramp metering con-
sufficient data and identify the model using this extensivgollers are developed and tested on the traffic flow modei wit
dataset. The obtained model can then be used to optimise agameter sefr. The first controller uses the traffic flow
ramp metering signals as discussed in Section Ill. Since nabdel with parameter sgb.es in order to make predictions
all parameters come to expression in every traffic operation the traffic situation over the prediction horizav,. The
mode, it is important to include traffic measurements from thsecond controller uses a perturbed parametefsatto make
different traffic operation modes in the identification d&ta predictions over the prediction horizon. We chose the free

Even if we include data from the different traffic operatioflow speeds and the critical densities in parameterfsgt
modes in our identification dataset, the resulting modetilis s about ten percent larger than those in the referencesset
not capable of mimicking the changing traffic behaviour du€his results in a model that overestimates the capacity ef th
to external, non-modelled influences and disturbances asichmotorway. The prediction horizol, is seven minutes and
the weather, an obstruction on the motorway, ... Therefotde control horizonN; is five minutes for both controllers.
we suggest an adaptive approach where the traffic modelTise control signal is only allowed to change every minute
re-fitted to the traffic measurement data on a regular basisd the parameters and aramp in (7) are chosen to be 1 and
This way, changes in the model parameters due to the nd®-respectively.
modelled influences are incorporated in the model that id use The simulation experiment covers four hours and the traffic
to determine the control signals. In the remainder of thigemands on the mainline and at the fourth on-ramp are pre-
section, we discuss some issues that need to be addressed wbated in Figure 4. The mainline traffic demand is considered
repeatedly re-fitting the nonlinear traffic flow model for uise to be constant and equal to 5500 vehicles an hour, while the
the model predictive control framework. capacity of the motorway is 6000 vehicles an hour. At the

As mentioned before, we need to estimate 186 paramettyarth on-ramp we assume a demand peak with a maximal
in the example of the E17 Ghent—Antwerp. This is a computdemand of 750 vehicles an hour.
tionally very demanding task for an on-line traffic contrgts Since the total traffic demand on the mainline during the
tem. This computational challenge is alleviated since weato peak period is larger than the capacity of the motorway,
need to re-fit the model at the same pace as the control sigr@lagestion or a queue (or both) will occur. In Figure 5 we
are calculated since we assume that the dynamic behaviouseé the evolution of the density in the section that is fed by
the variations of the model parameters (e.g. weather clsqinggée fourth on-ramp and the queue length at the fourth on-ramp
is slower than the dynamic behaviour of the traffic flows. Bfor both controllers. The solid line in the upper plot rejames
consequence, we can reduce the computational complexitythg evolution of the density realised by the first controller
re-fitting the traffic flow model every 30 to 60 minutes. Sinc€B,r). The density increases gradually but once the density
we can always use the old parameters as the starting pdistomes too high, the metering rate drops to a lower value as
for the optimisation process when re-fitting the model, we cgresented in Figure 6. The controller starts metering the on
expect fast convergence towards the optimal parameters aachp, resulting in the build-up of a queue. If we look at the
thus a moderate computational complexity. performance of the second controllggy, dashed line), we

In literature [12], the sensitivity of the model quality onsee in Figure 5 that no queue is formed at the fourth on-ramp.
the different parameters was already investigated. Thet mékwever, the rush hour traffic density in the section fed &y th
important parameters of the traffic flow model were found timurth on-ramp is higher for the second controller, reagliin
be vt andc,. By only updating the parameters with the higha lower traffic flow. This is due to the fact that the model used



6000, 1 I
5000F
0.8r
]
< 4000¢ ‘é‘
< 0.6+
4] 2
< 3000 £
; -
o 204
" 2000 - A
1000} - 0.2
06 7 8 9 10 06 7 8 9 10
Time (h) Time (h)

Fig. 4. Plot of the traffic demand on the motorway (solid linegl #me traffic  Fig. 6. Plot of the evolution of the metering rate as presefgdoth

demand on the fourth on-ramp (dashed line) for the motorway @iréi2.  controllers. The solid line represents the controller gsine correct model
parametersf}es). The dashed line represents the controller using the riertiu
parameter seter). Note that the controller with the perturbed parameter set
never becomes active.

by the second controller overestimates the motorway cgpaci
what results in a metering rate that is too high for the cdpaci
of the motorway (Figure 6). VI. CONCLUSIONS

We have presented ramp metering in a receding horizon
framework. As an example, we studied the real-life motorway
E17 Ghent-Antwerp in Belgium. We discussed a traffic flow

LT model that needs to be fitted to measurement data for use in

. \ a model predictive control based ramp metering setup. Since
. unpredictable external factors influence the traffic sicurabn
. the motorway, we argued that a regular re-fitting of the model
parameters improves the quality of the controller. This was
9 10 illustrated with some simulation results.
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Given the traffic demands, we can calculate the total time
spent associated with both controllers over the simulatioPl] B. Hellinga and M. Van Aerde, “Examining the potential ofing

interval usmg (7) Witharamp: 0. The first controller ‘Iﬁref = ramp metering as a component of an ATMJtansportation Research
4102) outperforms the secondg(,, = 4140). We can see Record vol. 1494, pp. 75-83, 1995.

from Figure 5 and Figure 6 that the mode of traffic operatiorﬂZ] A. D. May, Traffic flow fundamentaJsPrentice Hall, Englewood Cliffs,

_ _ . : NJ,, 1990.
realised by both controllers is totally different. The first;3; |y 7nang, G. Ritchie, and W. Recker, “Some general resitsthe

controller keeps traffic on the mainline flowing smoothly at  optimal ramp control problem"Transportation Research,&ol. 4, no.
the cost of a queue at the fourth on-ramp while the second. 2 Pp- 51-69, 1996.

4] Cambridge Systematics, Inc., Oakland, Californidwin Cities Ramp
controller does not cause a queue at the fourth on-ramp but [a{ Meter Evaluation — Final Reparfeb. 2001, Prepared for the Minnesota

the cost of a higher traffic density and delays on the mainline  Department of Transportation.
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