FORECASTING, SIMULATION AND PIP CONTROLOF INTERURBAN TRAFFIC NETWORKSJames Taylor, Peter Young and Arun ChotaiCentre for Research on Environmental Systems and Statistics (CRES), Lancaster University, U.K.Tel: +44 1524 593966 Fax: +44 1524 593985 E-mail: c.taylor@lancaster.ac.ukKeywords: non-minimal state space; proportional-integralplus; co-ordinated traffic control; dynamic harmonicregression model; non-linear simulation.AbstractThis paper discusses a number of research areas concernedwith dynamic traffic management, including forecasting,simulation and, ultimately, control of motorway traffic flow.A detailed non-linear simulation of the Amsterdam A10 westring road, utilising a dynamic state space representation calledthe Statistical Traffic Model (STM) is described. Thesimulation is employed in the development of a robust, co-ordinated ramp metering system, based on the Non-MinimalState Space (NMSS) approach to control design, which yieldsadaptive Proportional-Integral-Plus (PIP) controllers. Finally,when employed in predictive mode, the STM requiresforecasts of the on-ramp inputs to the motorway. Oneapproach to obtaining such univariate forecasts, namelyDynamic Harmonic Regression (DHR) is also discussed.1 IntroductionThe electronics revolution has lead to enormous advances intransportation technology. In particular, communicationadvancements coupled with induction loops implanted inroad surfaces, allow data on traffic processes from distantpoints in a large network to be utilised in real time. However,with the huge volume of real time measurements availablefrom instrumented networks, automatic techniques of dataprocessing, together with intelligent systems for effectivelyutilising the information, are now required. This paperdiscusses a number of research areas concerned with theproblem, including forecasting, simulation and control.A framework for dynamic state-space modelling, whichtransforms on-line roadside measurements of traffic flow intoexplicit assessments of the current and future state of an inter-urban network, has recently been developed [1-2]. Here, basicideas of traffic flow, such as conservation of vehicles, are builtinto a Statistical Traffic Model (STM). Although developedprimarily to provide short term forecasts with a rollinghorizon of fifteen-minute intervals, the STM also provides agood simulation model of the traffic system suitable forcontrol system design purposes. In this regard, the presentpaper describes the development of STM basedMatlab/Simulinkª computer simulations (section 3).Previous papers (e.g. [3]) have introduced Proportional-Integral-Plus (PIP) control, which has been successfullyimplemented in a number of difficult applications, includingthe multivariable control of climate in a large horticulturalglasshouse [4]. In line with previous experience of suchcomplex non-linear systems, the present paper shows how theessential behaviour of the traffic system can be approximatedwell by simple, time variable parameter (TVP), linear transferfunction models, which have been obtained statistically byreference to both the STM and real data from the roadmeasurement system. Such linear models define the Non-Minimal State-Space (NMSS) equations that describe thesystem completely and are required for PIP control design(section 4).Linear Quadratic (LQ) optimisation is employed todetermine the feedback control law, in a manner similar to theapproach described in [5]. However, the resulting PIPcontrollers make efficient use of all the useful measurementsavailable from the motorway system, avoiding the need forcomplex techniques such as state reconstruction and looptransfer recovery, so enhancing considerably the robustness ofthe resultant control system to uncertainties in the modelsand the system. These new modelling and control techniquesare employed in the control of traffic dynamics on theAmsterdam ring road, using the STM simulation as asurrogate for the real system. In order to bring the results asclose to real traffic conditions as possible, the study employsmeasured data, available from monitored roads in TheNetherlands, as inputs to the STM system.In fact, when employed in predictive mode, the STMrequires short term forecasts of these on-ramp flows, which arethen used as inputs to the non-linear equations. Therefore, insection 2 below, the paper discusses a fully recursive, TVPmethodology which appears particularly appropriate for trafficdata, characterised as it is by a mixture of smooth gradualchanges over a day, as well as by more rapid fluctuations thatcan take place during congestion. In particular, a dynamicharmonic regression (DHR) model [6-7] is utilised to forecastthe highly periodic traffic flow data, with its twice daily rushhour cycles. Here, the seasonal frequencies are estimated fromthe autoregressive spectrum (or sample periodogram), andthese then define the characteristics of the DHR model.2 Forecasting traffic variablesThe STM [1-2] includes the following components: a statevector that holds two variables per link, namely traffic density

(veh/km) and flow (veh/min), ordered by the correspondingmeasurement station; an observation vector that holdsinformation from the monitoring stations; a vector ofexogenous inputs consisting of the flows from the on-rampentrances; and, finally, variables that specify the behaviour ofthe system, such as measures of link length and capacity. Thestate transition matrix depends on traffic dynamics, whichclassically follow differential equations analogous to those offluid dynamics, as discussed in section 3 below. The networkis built up from a large number of links, i.e. the sections ofmotorway between two adjacent measurement stations. Thesimplest component is thus a single segment of motorway,typically 0.5 to 1 km long. Special equations describe joinsand forks, so that on-ramps, off-ramps and intersections canall be modelled.The Kalman Filter is employed as a data assimilationdevice for estimating the current state of the process and forforecasting. However, the STM itself requires short termforecasts of the inputs to the non-linear equations, includingon-ramp and boundary (upstream) flows. For example, [2]discusses the performance of the STM when applied to trafficdata collected from the A12 between Zoetermeer and TheHague. This is a small network that can be described by 29state variables, but which includes 11 on-ramps. In thiscontext, the present paper discusses the application of aunivariate methodology for forecasting the traffic variables,based on a DHR model. Although motivated by therequirements of the STM, the forecasting approach describedhere has certain advantages its own right [6-7].2.1 Dynamic Harmonic Regression (DHR)The forecasting method discussed here exploits an extremelyflexible approach to nonstationary time series analysis, basedon the definition of a DHR model [6-7]. The model isparticularly useful for adaptive seasonal adjustment, signalextraction, interpolation over gaps, and forecasting. In thecase of the traffic variables, the main seasonality is the twicedaily rush hour cycle (for Monday to Friday), although anadditional weekly periodicity may also be identified. Theseasonal frequencies are estimated from the autoregressivespectrum or sample periodogram.The DHR model, which is a special case of a univariateunobserved components model, is represented as follows,

yt = Tt + St +et

(1)where

yt

is the observed time series;

Tt

is a trend or lowfrequency component;

St

is a seasonal component; and

et

is anormally distributed Gaussian sequence with zero mean andvariance

σ 2

. In order to allow for nonstationarity in the timeseries, the various components in (1) can be characterised byTVPs, with each TVP defined as a nonstationary stochasticvariable, as discussed below. Here, the most importantunobserved component is the seasonal term

St

:

St = aitcos ωit( )+ bitsin ωit( ) { } i=1R∑

(2)where

ait and bit

are TVPs; and

ωi

are a set of R frequencieschosen by reference to the spectral properties of the timeseries. In general, each of these

ait

and

bit

parameters, as wellas the trend component

Tt

are defined by a two dimensionalstochastic state vector

xit =[lit dit ]T

, where

lit

and

dit

are,respectively, the changing level and slope of the associatedtrend or TVP. The stochastic evolution of

xit

is assumed tobe described by a Generalised Random Walk (GRW) processof the form [6].

xit = Fixit-1 + Giη it

;

Fi = α β0 γ

;

Gi = δ1

(3)where

η t

is an 2 d i m e n s i o n a l v e c t o r c o n t a i n i n g z e r o m e a n , white noise inputs. These white noise inputs are assumed tob e i n d e p e n d e n t o f t h e o b s e r v a t i o n n o i s e

et

and have adiagonal covariance matrix Q. This general model includestwo well known special cases, namely the Random Walk(RW:

α = δ = 0

;

β = γ =1

); and the Integrated RandomWalk (IRW:

α = β = γ =1; δ = 0

). The overall state spacemodel is constructed by the aggregation of the subsystemmatrices defined in (2), with the observation equation definedby equation (1) as described in [6-7].2.2 Time Variable Parameter (TVP) estimationThe estimation of the TVPs is based on two step (prediction-correction) Kalman filtering, accompanied by optimal fixedinterval smoothing procedures [7]. In these algorithms, thediagonal Noise Variance Ratio (NVR) matrix

Qr

is definedas follows,

Qr = Q σ 2

(4)Within the DHR context, these NVR parameters are unknownand need to be estimated before the filtering and smoothingalgorithms can be utilised. Their estimation by a special formof optimisation in the frequency domain is discussed in [7].Note that forecasting, interpolation and backcasting are aninherent part of the filtering and smoothing algorithms: ifmissing data anywhere within, or immediately outside, thedata set are detected, then the filtering and smoothingalgorithms simply replace the missing samples by theirexpectations, based on the DHR model and the data. In thecase of the filtering algorithm, this yields the multi-step aheadforecasts; while the smoothing equations provide theinterpolation over gaps within the data set.2.3 DHR forecasting of traffic flowTo illustrate the methodology described above, 15 minuteaverage flow measurements (i.e. vehicles per minute) for theA12 motorway in the Netherlands are studied. Such data,collected during a week in May 1994 for a particular locationon the main carriageway, are illustrated in figure 1. The twicedaily rush hour cycles are clear evidence of seasonality in thedata, supporting the use of DHR techniques. The AR-spectrum of the data in figure 1 confirms the 24 hour (96samples per cycle) periodicity, by correctly identifying theharmonics of the series. The first 13 harmonics (with periodsof 96, 96/2, ..., 96/13 samples) are selected for the DHRmodel, since these are particularly well defined and haverelatively high amplitudes in the AR-spectrum.

50 100 150 200 250 300 350 400 450 -20

-10

0

10

20

30

40

50

60 70Figure 1. Traffic flow data (veh/min, 15 min averages, thicktrace); smoothed DHR model and (from sample 192) 1-stepahead forecasts (thin trace); modelling/forecasting errors(bottom trace); all plotted against sample number.So far in the study, only one week of data has been availableand so the NVRs have been optimised by fitting the AR-spectrum of the model to only a sub-set of the weekly datafrom Monday to Tuesday, leaving the remainder for testingthe forecasting ability of the model. Figure 1, shows thesmoothed model fit for these two days, together with the1-step ahead forecast for the rest of the week. The DHR modelyields a 11% reduction in the mean absolute forecasting errorsover this period compared to a simple persistence forecast. Asexpected, the improvement is much greater for longerforecasting intervals: for example, with a 4 step (or 1 hourahead) prediction, the DHR model yields a 48% reduction inthe forecasting errors compared to persistence.Clearly, the DHR model employed in this preliminaryinvestigation does not include all of the relevant dynamicssince the morning rush hour peaks on Thursday and Fridayare considerably lower than those earlier in the week,resulting in an over estimate of the flow at these times(although it is worth noting that the TVPs have adapted tothe changing dynamics by Friday, yielding a better forecastthan for a constant parameter model).To improve the model, more harmonics must be includedwhen more historic data become available: the lower rushhour peaks on the last two days of figure 1, for example, maybe part of a longer term trend that could be accommodatedautomatically if several weeks of data were analysed. A morecomprehensive study, taking account of such observations, ispresently in progress. This new research is also looking atforecasting 1 minute sampled data.3 STM motorway simulationThe present section discusses how the STM is convertedfrom a forecasting tool [1-2], to a simulation of inter-urbantraffic networks, using the Amsterdam ring road A10 westmotorway, immediately south of the Coen tunnel, as anexample. The three types of equations which comprise theSTM are as follows: a balance equation, which ensures thatvehicles are conserved; a flow equation, based on the identity

qvr=

; and the ubiquitous, highly nonlinear, fundamentaltraffic diagram (FTD). In the simplest case, a minimumvelocity flow equation may be employed, as follows (althoughalternative approaches are presently being explored),

qvrs t s s t s t s t, , , ,min ,+ += ( )1 1a

(5)where

qs t,

is the flow at time

t

and location

s

;

rs t,

is thedensity;

vs t,

is the velocity obtained from the non-linearFTD; and

as

is a parameter for location s. The balanceequation takes the form,

rkqs t s t s s t s t, , , ,+ - -= + -( )1 1 1

(6)where

ks

is the length of the link (multiplied by the numberof lanes) divided by the sample time. Similar equations holdfor joins and forks, with the latter requiring the estimation ofa turning fraction between the two downstream choices.Clearly, consistent units should be employed throughoutthe simulation, with

and modified to ensure anynecessary conversions. Similarly, care has to be taken overthe sampling rates employed. For the A10 west, a timesampling rate of 10 seconds is found to be most appropriatefor the simulation, given that the length of the sections variesfrom 0.4 to 0.8 km. Too coarse or too fine a samplinginterval results in numerical instability problems. Finally, thestructure of the FTD used in the present simulations isillustrated in figure 2.The simulation version of the STM is solved using theMatlab/Simulinkª package. Here, the equations of eachSTM module (a link, join or fork) are assembled as a groupedelement, or sub-system, in Simulink. These sub-systems arethen connected by lines that carry the variables used in theequations. The A10 west simulation, for example, whichincludes the 4 on-ramps immediately south of the Coentunnel, consists of 6 link blocks, 4 joins and 3 forks, asillustrated in figure 3. The Coen tunnel is represented by thelink on the far right of the figure. Note that the parameters

and

, as well as the exact shape of the FTD, differ for thevarious sections, depending, for example, on the number oflanes.

0 50 100 150 200 250 300 350 0

20

40

60

80

100

Density [veh/km]

Velocity [km/hour]

Figure 2. Typical fundamental traffic diagram. Mux mux4 4 on-ramp density_out

3 turning fraction_in Demux demux3

Demux demux2 2 density_in

1 flow_in stm_link1 stm_fork1 stm_join1

Demux demux1 stm_link2 stm_link3 stm_link4 stm_link5

stm_join2 stm_join3 stm_join4 stm_fork2 stm_fork3 stm_link6 tunnel

Mux mux1

2 flow out

3 velocity out

1 density out

Mux mux2

Mux mux3

Figure 3. STM simulation of north bound traffic on the A10 west, south of the Coen tunnel.Figure 4 illustrates the response of the simulation to aparticular set of realistic conditions. Here, the velocity of eachof the sections is plotted on the same graph, and it is clearthat for most of the time, the traffic is in the free flow linearpart of the FTD, with the velocities in the range 100 to 110km/hour (see figure 2). However, the upstream inputemployed in the simulation is a measured time series fromthe appropriate location on the A10 and includes the morningrush hour. During the peak flows, therefore, the density oftraffic on the corridor has built up so that, eventually, thecritical level is exceeded and there is a temporary breakdownin flow, resulting in the lower velocities in the middle part ofthe figure. Note that, in this particular case, only thoselocations close to the Coen tunnel are effected. This is a resultof traffic slowing down as they enter the tunnel (which isrepresented by a modified FTD for that link).

200 400 600 800 1000 1200 1400 1600 1800 50

60

70

80

90

100 110Figure 4. Simulated velocity (km/hour)plotted against 10 second samples.4 Control of the A10 west simulationThis section reviews the essential ideas behind the control oftraffic in a given localised region of the network and discussesits practical embodiment in the co-ordinated local PIPcontroller. Although most researchers working in this areamention broad aims, such as the desire to reduce congestion,delays, travel times, pollution, and fuel consumption, thespecific control objectives typically involve maintaining aspecified flow or density. For example, in [5] ramp metering(traffic lights on slip roads) is employed to ensure that thedensity of traffic at three locations above a bottleneck on theBoulevard Peripherique in Paris, do not exceed certain criticallevels (which might lead to congestion, as in figure 4). Theseare the same type of set points employed in the present paper.The possibility of employing optimally chosen set points,perhaps as part of a multilayered, hierarchical controller isdiscussed in, for example, [8-10]. A similar approach to thisis described in [11], where it is suggested that a ÔdiversionpolicyÕ, which satisfies the Ôorigin-destinationÕ requirementsof users, could be complemented by local level controllers(including ramp-metering).4.1 Local Linear Model (LLM)In order to develop a PIP control algorithm, a linearisedrepresentation of the traffic system is required. The smallperturbation behaviour of the non-linear traffic system can beapproximated well by a simple linearised TVP transferfunction model, which is identified and estimated from eitherthe non-linear STM or from measured traffic data. This LocalLinear Model takes the following simple form for the flow,

qaqbqcqs t s t s t s t, , , ,= + +- - - + -1 1 1 1 1

(7) 0 50 100 150 0 20 40 60 80 100 120

0 50 100 150 -0.5

0

0.5

1

Figure 5. Local linear model (based on the final parameterestimates, thick) fitted to measured velocity data (km/hour)from the A2 (May 1990) with 1 minute sampling (top);recursive updates of a (dotted), b (thin) and c (thick).where a, b and c are the TVPÕs. Models with an identicalstructure to this may also be estimated for velocity anddensity. The identification and estimation of the LLMexploits the special properties of the Simplified RefinedInstrumental Variable (SRIV) algorithm [12]. Because of theinherent time variability of the parameters in (7), a selfadaptive controller is required in practice. Such on-lineadaptive control, where the parameters of the LLM areestimated recursively in order to take account of changes intraffic conditions, is fairly straightforward to implement sincethe prior off-line analysis also utilises recursive estimation inthe form of the SRIV algorithm. For example, figure 5illustrates the recursive updates of the three parameters for aparticular location on the A2 motorway in The Netherlands,in this case for velocity data.Note that from the 35th sample onwards, the data in figure5 shows evidence of congestion. This is reflected in the rapidadjustment to relatively large values for the downstream cparameter (compared to the upstream b parameter) as thetroughs in the flow travel upstream during congestion. Figure5 thus illustrates how the TVPs adapt to changing conditionsand demonstrates how the model can be fitted to measureddata from real networks. In fact, when the final parametervalues are applied to the whole data set, the coefficient ofdetermination,

RT2 = 0.92

implies a very good fit.Finally, note that, although (7) does not represent trafficdynamics sufficiently well for forecasting or simulationstudies, this is not its purpose: it is employed only in thedesign of the PIP control algorithm. However, the evaluationof the PIP system is based on applying this algorithm to themuch more sophisticated non-linear STM which, in thiscontext, is regarded as a surrogate for the real traffic system.

xt4,

ut Flowx3,tx2,tx1,tFigure 6. Control of a 4 link corridor.4.2 Proportional-Integral-Plus (PIP) controlThe PIP algorithm is based on the definition of suitableNMSS equations [3-4], which are derived directly from theestimated parameters of the LLM. Here the NMSS statevector

xt

, is composed of present and past values of themeasured input and output signals, together with an integralof error state

zt

to ensure inherent type-one servomechanismperformance associated with the selected output (i.e., thisoutput will always achieve its desired set point

yd (k)

underequilibrium conditions in the closed loop).Consider, as an example, the simplified motorwaycorridor illustrated in figure 6. Here, the objective is toemploy an on-ramp at the upstream end of the corridor, inorder to control the flow at the third downstream link. Bycontrolling the level at the third link in this manner, theintervening flows automatically behave well because of thenatural linkages in the system. In this NMSS description, thecontrol input

ut

is defined as the total of the upstream andon-ramp flow,

xFxgdhxt tt= + += -1 u yy t-1 tdt

(8)

xFgt t t t t tTt tt t t tt t tx x x x za bc a b tc a b tc ac a b b= [ ]= - - -éëê ùûú =4 3 2 14 43 3 32 2 21 13 3 3 10 0 00 00 00 0 00 1 0, , , ,, ,, , ,, ,, , ,, , ; , ;t0 01éëê ùûú = éëê ùûúd

Having established a suitable NMSS model for the system,the appropriate gains defining the PIP state variable feedback(SVF) control law can be determined by optimisation of astandard linear quadratic (LQ) cost function (or the equivalentLinear-Quadratic-Gaussian, LQG, formulation in thestochastic case). This approach can be considered as a moresophisticated version of the Linear-Quadratic-Integral (LQI)algorithm in [5].With this formulation, it is found that the PIP controlleroffers considerable improvements to a standard tuned PI(Proportional-Integral) controller applied to the same system(i.e. STM simulation of figure 6). For example, when adisturbance is simulated in the middle of the corridor, thelocal PI controller has no way of reacting to the problem(because it does not ÔseeÕ the effects of the disturbance unlessthe back-up of traffic is sufficient to be detected justdownstream of the on-ramp). By contrast, the PIPimplementation smoothly backs off such a disturbance, byreducing the on-ramp flow accordingly [8].4.3 PIP control of the A10 west simulationComputer-based simulation models are a well establishedmeans of testing new approaches to traffic control before theirimplementation on real networks. In this tradition, PIPdesigns are presently being evaluated on the detailedMatlab/Simulinkª simulation of the A10 west corridorillustrated in figure 3. The objective is to ensure that the

density of north bound traffic, south of the Coen tunnel, doesnot exceed critical levels that lead to congestion. The finalalgorithm includes recursive LLM estimators for each link,and determines the flow inputs for each of the 4 on-ramps.Following the approach of [11], a number of special scenariosare being considered, including peak hour periods, off-peakperiods and traffic incidents, in order to ensure that the controlalgorithm can cope with such realistic events. However,earlier investigations which were part of an initial feasibilitystudy reported by [8-10], suggest that PIP controllers areindeed robust to such events.5 ConclusionsThis paper has briefly reviewed a dynamic state-spacemodelling technique, called the Statistical Traffic Model(STM), which provides transport management with a ÔdataassimilationÕ tool for monitoring, prediction and control.However, the research has established that a much simpler,Local Linear Model (LLM) can represent traffic data to theaccuracy required for adaptive control system design. As aconsequence, it is possible to linearise the essential dynamicsof the non-linear traffic system and so represent a given regionof the traffic network in a linearised, Non-Minimal State-Space (NMSS) form. This means that standard state variablefeedback techniques can be applied to the traffic controlproblem, to yield self adaptive Proportional-Integral-Plus(PIP) ramp metering controllers which are able to maintainexcellent local control of the traffic variables.It is clear that, in designing this local level of control, ahigher layer in the hierarchical control system is required inorder to specify suitable set points, based on operating theSTM in a predictive mode. In this situation, however, theSTM requires short term forecasts of the uncontrolled on-ramp flows, which are then employed as inputs to the non-linear equations. Therefore, the paper has also discussed theapplication of a fully recursive, time variable parameterestimation methodology based on a dynamic harmonicregression (DHR) model. In addition to forecasting, thetechnique automatically interpolates over missing samples, avery useful ability when dealing with traffic data, which canbe of highly erratic quality.The importance of the co-ordinated local PIP controllers,within this wider context, is that the higher level objectiveswill only be effective if there is tight control at the local level.An integrated traffic management system, using theAmsterdam ring road as an example, is presently underdevelopment at Lancaster University within the framework ofthe European Community DACCORD project.The advantage of the PIP approach is that it has greatflexibility in design terms. For example, it can be applieddirectly to single and multivariable systems described bybackward shift [4], continuous-time, or delta operator models.In addition, the PIP control system is ideal for incorporationwithin a multi-objective optimisation framework, wheresatisfactory compromise can be obtained between conflictingobjectives and where difficult control objectives, such asmultivariable decoupling control, can be achieved byoptimisation of the weighting matrices in the LQ optimal PIPcost function.AcknowledgementsThe research described in this paper is partly funded by theEuropean Community DACCORD project, TR1017 in theFourth Framework Telematics Applications Programme,sector Transport. The authors are also grateful for the supportof the UK Engineering and Physical Sciences ResearchCouncil (EPSRC), grant number GR/J10136.References[1]Ben-Akiva, M.E., Cascetta, E., Gunn, H., Smulders, S.and Whittaker, J., DYNA: a real time monitoring andprediction system for inter-urban motorways, in Proc. 1stWorld Congress on ATT and IVHS (Ertico, Ed.), 1166-73.Artech House, London, (1995).[2]Whittaker, J., Garside S. and Lindveld, K., Trackingand Predicting a Network Traffic Process, to appear in Int. J.Forecasting, (1997).[3]Young, P.C., Behzadi, M.A., Wang, C.L. and Chotai,A., Direct Digital and Adaptive Control by input-output,state variable feedback pole assignment, Int. J. of Control,46, 1867-1881, (1987).[4]Young, P.C., Lees, M.J., Chotai, A., Tych W. andChalabi, Z.S., Modelling and PIP control of a glasshousemicro-climate, Control Engineering Practice, 2, 591-605,(1994).[5]Papageorgiou, M., Blosseville, J.M. and Hadj-Salem,H., Modelling and real time control of traffic flow on thesouthern part of Boulevard Peripherique in Paris: Part I:Modelling, Transpn. Res. A, 24A, 345-359; Modelling andreal time control of traffic flow on the southern part ofBoulevard Peripherique in Paris: Part II: Coordinated on-ramp metering, Transpn. Res. A, 24A, 361-370, (1990).[6]Ng, C.N. and Young, P.C., Recursive estimation andforecasting of non-stationary time series, J. Forecasting, 9,173-204, (1990).[7]Young, P.C., Tych, W. and Pedregal, D.J., DynamicHarmonic Regression, submitted for publication, (1997).[8]Young, P.C., Taylor, C.J., Chotai, A., Whittaker J.and Garside, S., Non-minimal state variable feedback controlof interurban traffic networks based on the statistical trafficmodel, DRIVE II project V2036 DYNA, Commission of theEuropean Communities R & D Program Telematics Systemsin the Area of Transport. Part B, Section 2, (1994).[9]Taylor, C.J., Young P.C. and Chotai A., True DigitalControl of interurban traffic networks, IFAC 13th TriennialWorld Congress, San Francisco, USA, P, 325-330, (1996).[10]Taylor, J., Whittaker, J., Young, P. and Chotai, A.,Forecasting and control of interurban traffic networks using astate space formulated traffic model, to appear at the 8thIFAC symposium on Transportation systems, 16-18 June,Chania, Greece, (1997).[11]Reiss, R.A., Gartner, N.H. and Cohen, S.L., Dynamiccontrol and traffic performance in a freeway corridor: asimulation study, Transpn. Res. A, 25A, 267-277, (1991)[12]Young, P.C., The instrumental variable method: apractical approach to identification and system parameterestimation, in Identification and System Parameterestimation (H.A. Barker and P.C. Young, Ed.), 1-16.Pergamon, Oxford, (1985).