ROBUST PIP CONTROL OF MULTIVARIABLESTOCHASTIC SYSTEMSJames Taylor, Arun Chotai and Peter YoungCentre 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; robust control; risk sensitive control; I F A C 9 3 benchmark.AbstractThis paper discusses the development of robust versions ofmultivariable Non-Minimal State Space (NMSS) designprocedures, for Proportional-Integral-Plus (PIP) controlsystems. The formulation allows for the exploitation of anystate variable feedback control procedure, including modernrobust designs based on

H2

and

H∞

methods, as well as risksensitive optimisation. The control designs are evaluated on amultivariable coupled drive rig and the IFAC93 benchmarkproblem.1 IntroductionAn important practical consideration in control systemdesign, is the robustness of the control system performance tostochastic influences arising from both parametric uncertaintyand stochastic disturbance inputs to the system. This paperdiscusses the development of robust versions of multivariableNon-Minimal State Space (NMSS) design procedures, for theProportional-Integral-Plus (PIP) control systems previouslyintroduced in [1-2]. Robust control design aims to ensuregood closed loop performance under difficult conditions, suchas model uncertainty and ’worst case’ disturbance inputs.In this regard, the practical utility of the PIP controllersare evaluated on two systems, namely a multivariable coupleddrive rig [3] and the IFAC93 benchmark [4]. The first of theseexamples is a laboratory scale plant representing a materialshandling system, where control of speed and tension isrequired; while the latter is a stochastic simulation, whoseparameters vary randomly within specified ranges.The methodological approach follows from earlierresearch, in which NMSS forms are formulated so that, in thedeterministic situation, full state feedback PIP control can beimplemented directly from the measured input and outputsignals of the controlled process, without resort to the designand implementation of a state reconstructor (or observer).This yields a full state variable feedback (SVF) design whichis naturally robust to uncertainty and eliminates the need formeasures such as Loop Transfer Recovery. Moreover, theinherent SVF formulation allows for the exploitation of anySVF control procedure, including state space solutions ofmodern robust designs based on

H2

and

H∞

methods. Forexample, unlike a conventional minimal state spacecontroller, the NMSS formulation ensures that the risksensitive Linear-Exponential-of-Quadratic-Gaussian (LEQG)control methodology [5] is easily implemented in practice,utilising the Ôcomplete observationsÕ form of the algorithm.The format of the paper is as follows. Section 2 reviewsmultivariable NMSS/PIP design and discusses optimisationof the LQ weighting matrices; while section 3 considersrobustness and filtering polynomials. Section 4 describes PIPrisk sensitive control applied to the coupled drives rig.Methods of assessing the robustness of the various designs arediscussed in section 5; and PIP control of the IFAC93benchmark problem is discussed in section 6. Finally, theconclusions are presented in section 7.2 Multivariable NMSS/PIP designPrevious papers have introduced multivariable NMSS/PIPdesign methods, which have been successfully implementedin a range of applications (e.g. [2-3]). Consider the followingp-input, p-output, discrete time system represented in termsof the left matrix fraction description,

y(k)=[A(z− 1 )]− 1 B(z− 1 )u(k)

(1)

A(z− 1 )= I + A1z− 1 +K +Anz− n (An ≠ 0)

B(z− 1 )= B1z− 1 +K +Bmz− m (Bm ≠ 0)

Here,

Ai

(

i=1, 2,K ,n

) and

Bi(i =1,2,K ,m)

are p by pmatrices. If necessary, some of the initial B terms could takenull value to accommodate pure time delays in the system.The non-minimal state space (NMSS) representationassociated with the above model is defined by the followingstate vector

x(k)T = y(k)T L y(k− n +1)T u(k)T L u(k − m+1)T z(k)T [ ]

(2)where

y(k)

and

u(k)

are the vectors of system outputs andcontrol inputs respectively; while the integral-of-error statevector

z(k)=[yd (k)− y(k)]/(1− z− 1 )

, where

yd (k)

is thecommand input vector, each element being associated withthe appropriate system output. With these definitions, theNMSS representation is then defined directly in terms of thefollowing discrete-time state equation,

x(k+1)= Fx(k)+ Gu(k)+ Dyd (k+1)

(3)

where F, G and D are defined in [2]. Type-1 servomechanismcontrol is automatically accommodated by the introduction ofthe integral-of-error vector

z(k)

. Consequently, if the closed-loop system is stable, then steady-state decoupling is inherentin the design. The state variable feedback (SVF) control lawis then defined in the normal manner, i.e.,

u(k) = − Lx(k)

(4)where,

L = L0 L1 L Ln− 1 M1 L Mm− 1 − KI [ ]

(5)is the SVF control gain matrix. The NMSS control strategyresults in a control system which can be related structurally tomore conventional designs, such as multivariable PI and PIDcontrollers, as illustrated in figure 1. However, because itexploits fully the power of SVF, it is inherently much moreflexible and sophisticated, allowing for SVF control strategiessuch as closed loop pole assignment or optimisation of astandard LQ cost function,

J = x(k)T Qx(k)+u(k)T Ru(k) { } k=1∞∑

(6)The weighting matrices in this cost function are not readilytranslated into typical closed loop response characteristics,such as decoupling, overshoot and rise times. In fact, manualtuning of Q and R is usually limited to the diagonal weights.However, the PIP control system is ideal for incorporationwithin a multi-objective optimisation framework,where satisfactory compromise can be obtained betweenconflicting objectives such as robustness and multivariabledecoupling, by concurrent optimisation of the diagonal and offdiagonal elements in the weighting matrices of the LQ costfunction [6].This approach compares with that of Fleming-Pachkevitch(FP) [7], who directly optimise the control gains themselves.By contrast, the method described in [6] maintains theversatility and flexibility of the FP technique, but since it isthe LQ weights that are optimised, has the advantage ofgenerating only guaranteed stable optimal solutions, thusallowing for better (smoother) defined optimisation problems.Finally, as discussed in [8-9], it is straightforward todevelop multivariable generalised PIP (GPIP) controllers,with various structural modifications which can enhance thepractical implementation. These include: command inputanticipation (which can counteract non-minimum phaseeffects); feedforward of deterministic disturbances; feedforwardcompensation for stochastic disturbances; and measurementnoise attenuation.3 Filtering and robustness polynomialsThe previous discussion has concentrated on the deterministicmodel of the system (1). However, since it is formulated instate space terms, the NMSS approach to control systemdesign can easily be converted to an optimal stochastic formby extending the LQ solution to the Linear-Quadratic-Gaussian (LQG) form; i.e. by invoking the separationtheorem and introducing an optimal Kalman filter (KF) forstate estimation [10].

MultivariableSystem

Output feedback polynomial matrixInput feedback polynomial matrixIntegral Controlu(k)y(k)yd(k)IM(z-1)L(z-1) L(z-1)=L0+L1z-1+L+Ln-1z-n+1 M(z-1)=M1z-1+L+Mm-1z-m+1I=kI(1-z-1)-1+++---

Figure 1. Multivariable PIP block diagram.Note, however, that the NMSS approach to control designdoes not need any form of state reconstruction since it alwaysinvolves full state feedback which is based solely on themeasured input and output signals.In essence, therefore, while the KF is only required fornoise attenuation in PIP systems, it carries with it thedisadvantage of decreased robustness: in particular, the stateestimation is too dependent upon the input-driven model ofthe system and the cancellation of the observer polynomial[11]. For this reason, it is often advantageous to utilisedifferent, nominally sub-optimal, approaches to noiseattenuation which do not involve the model-based statereconstruction of the KF or equivalent observer. For example,the non-minimal states can be specially prefiltered oradditional filters can be introduced into the forward path ofthe PIP control structure prior to NMSS design.In the latter case, the PIP control system exploits aslightly modified NMSS representation, as described in [12].Here, the state vector is formed from past filtered outputs andpast and present filtered inputs, although the unfilteredintegral of error state is still included in order to ensure typeone servo-mechanism performance. In the univariate case, thisapproach involves the introduction of a filter polynomial:

Tztztzn n( )- - -= + +1 1 11L

(7)Judicious choice of this filter polynomial allows for controldesigns with varying degrees of robustness to bothmeasurement noise and parametric uncertainty. For example,if the system is stable, then it is often desirable to choose

TzAz( ) ( )- -=1 1

. The filtered output and input are thendefined as,

y k ykTz*-

=( ) ( ) ( )1

;

u k ukTz*-

(8)These and other alternatives, which may be compared withexisting techniques such as Loop Transfer Recovery, arecurrently being evaluated. In general, they seem to beadvantageous, yielding improved noise rejection withacceptable reductions in gain and phase margins.4 Risk sensitive controlOver the last decade, the topic of robust control and, inparticular,

H∞

control theory has received considerableattention.

H¥

control ensures that bounds on the

-norm

of certain transfer functions, from disturbance signals toparticular variables of interest, are achieved. Unlike the LQGformulation, however, a particular

H¥

criterion does notyield a unique solution. One approach, for example, is theminimum entropy solution of Mustafa and Glover [13];which, in turn, is closely related to the Linear-Exponential-of-Quadratic-Gaussian (LEQG) cost function considered in thepresent paper [5]. This relationship means that the LEQGformulation has certain robustness properties that enhance itspotential importance to control engineers. Here, the costfunction involves the expectation of the exponential of thestandard LQ criterion (6),

g q q q()log

= - { } - - 2 1 2

e JeE

(9)where

q

is the (real scalar) risk sensitive parameter. It is clearthat, in the deterministic case,

gq( )

reduces to theconventional (risk neutral) LQ cost function. OtherwiseLEQG optimal control may be formulated in one of twoways: either in a risk-averse (pessimistic) manner (whichrelates to

H∞

control), where disturbances are assumed towork against the controller (

q< 0

); or, alternatively, as arisk-preferring (optimistic) controller, where it is assumedthat uncertainty advantages the controller (

q> 0

).In the PIP-LEQG case, a backwards Riccati recursion [5]is employed to determine the control algorithm, based on amultivariable stochastic NMSS system developed in [14]. Itshould be stressed that, unlike the conventional minimal statespace case, the special NMSS equations employed here ensurethat it is possible to implement the Ôcomplete observationsÕsolution to the LEQG problem, making the technique verystraightforward to implement in practice.For example, consider the regulation of a multivariablecoupled drives rig [3]. The PIP-LEQG algorithm yields gooddecoupling control, as illustrated in figure 2 for the case when

q= 10

. A positive

q

generally yields LEQG responses withsmoother input signals than the LQ case (

q= 0

), at theexpense of a corresponding increase in the rise time. Bycontrast, when a negative

q

is employed, LEQG controlyields a faster closed loop response with a noisier inputsignal. However, as discussed in [8, 14] it is possible toapproximately replicate the response of a risk sensitivesolution by simply optimising the weights of the standardLQ cost function. The robustness consequences of theseresults and the relationship with

H∞

control in theNMSS/PIP case is presently being investigated.5 Measures of robustnessThe various methods discussed above may be evaluated inboth time and frequency domains by taking advantage ofMonte Carlo (MC) analysis, which utilises estimates of theparametric uncertainty obtained from the SRIV identificationalgorithm [15]. Furthermore, the new multi-objectiveoptimisation methods mentioned in section 2 above, can beemployed in conjunction with MC analysis to improve theperformance and robustness of the final PIP designs.With the current wide availability of powerful desktopcomputers, MC analysis provides one of the simplest and

0 50 100 150 -0.5 0 0.5 1 1.5 2 2.5 Speed (thin), tension (thick), command input (dotted)

0 50 100 150 0.5 1 1.5 2 2.5 Control input: motor 1 (thin), motor 2 (thick)

[sample number]

Figure 2. PIP-LEQG implementation results from the coupleddrives rig, showing the response to a step change in speed.most attractive approaches to assessing the sensitivity of acontroller to parametric uncertainty. Here, the modelparameters for each realisation in the MC analysis, areselected randomly from the joint probability distributiondefined by the parametric covariance matrix

P

[15], and thesensitivity of the PIP controlled system to parametricuncertainty is evaluated from the ensemble of resulting closedloop response characteristics. The various ensemble resultsobtained in this manner are normally provided in graphicalform: for instance, plots of the closed loop step, impulse andfrequency responses; and plots of the closed loop polepositions (Ôstochastic root lociÕ).In addition to the standard frequency domain tools (suchas Bode and Nyquist plots), which are mainly limited tounivariate systems, methods developed for

H∞

robust controldesign can be used to provide measures of sensitivity androbustness for multivariable PIP control design. Thesensitivity function

S(e− jωt )

and complementary sensitivityfunction

T(e− jωt )

for the closed loop system, provideinformation on the tracking performance and sensitivity todisturbances and measurement noise. The infinity norms(

. ∞

) of

S(e− jωt )

and

T(e− jωt )

are used to calculate robustgain margins and phase margins, and in the univariate case,they can be shown to be related to the radii of the M-circles,i.e. the closest approaches of the open loop Nyquist plot tothe critical (

− 1, j0

) point. MC simulation analysis may beused in conjunction with these frequency methods, asillustrated by [16]. Finally, robust

H∞

optimisation in theNMSS/PIP context is presently under investigation.6 Control of the IFAC93 benchmarkAlthough only a single input, single output (SISO) plant, theIFAC93 benchmark [4] is a difficult problem since it includesstringent closed-loop performance requirements, despite thefact that the parameters of the plant are known only within acertain range. In fact, the plant operates at three different stresslevels, with higher stress levels implying greater timevariations of the unknown parameters.

The set point is specified as a square wave varyingbetween +1 and -1 with a period of 20 seconds, while anunder/overshoot of up to 0.2 is allowed. Occasionalexcursions of the output within the range -1.5 to 1.5 areacceptable, as long as these extreme limits are never exceeded.Furthermore, the rise time should be designed as fast aspossible given the stress levels, but 2 or 3 seconds with rapidsettling should be aimed for. Finally, the plant input saturatesat -5 and +5. The complete, continuous time (s-operator)transfer function of the plant, together with the range ofparameter values for each stress level is given in [4].The final control designs are evaluated on a stochastic"black box" simulation available in the form of uncompiled Ccode. Here, the user algorithm replaces the pre-programmedunity feedback controller. Using this simulation, it isrecommended that the plant is simulated over at least 300seconds (or by repeated simulation over shorter times) toobtain a representative picture of the variations. However, itshould be pointed out that, due to noise and parametervariations, the response will be different every time theprogram is run.6.1 Standard PIP-LQ control of the benchmarkTo obtain the control model (1), the plant is simulated inopen loop and data collected at a sampling rate of 0.5seconds. SRIV estimation coupled with the YICidentification criterion [15], yields the following first orderdiscrete time transfer function representation of the system,

y(k) = − 0.0526z− 1 + 0.1469z− 2

1− 0.9059z− 1 u(k)

(10)The weights in the PIP-LQ formulation are initially definedby assuming that the state weighting matrix is a (n+m) by(n+m) diagonal matrix,

Q= [ ]+diagqn m1 2 K

(11)where the user defined output weighting parameters

qn1 2, , ... ,

and input weighting parameters

qn n n m+ + + -1 2 1, , ... ,

are set equal to common values of

qy

and

qu

, respectively; while

qn m+

is denoted by

qe

toindicate that it provides a weighting constraint on the integralof error state variable

zk( )

. In the SISO case, the ÔdefaultÕPIP controller, which usually yields a good performance inpractice, is that obtained using total optimal control weightsof unity, i.e.,

q n y =1

,

q m u =-1 1( )

, and

qe = 1

.Similarly, the scalar (in the SISO case) input weight R is setequal to

1 1()m -

.However, for the IFAC93 benchmark these weights yield arelatively slow response, whereas by setting

qe =10

thecontrol objectives stated above are clearly satisfied, asillustrated in figure 3. The response shown in figure 3 isobtained by simulating the continuous time transfer functiondefined by [4], with the parameter uncertainty set to zero. Toassess the robustness of the design, the continuous timemodel is simulated at stress level 2 with the positive andnegative extremes of each of the 5 parameters listed by [4],i.e. 32 possible realisations. Although it is possible thatmore extreme responses may be obtained with certaincombinations of the parameters in their intermediate range,the 32 simulations employed here provide a good guide tothe performance of the controller, before it is finallyimplemented on the black box simulation.When the PIP controller employed in figure 3, is appliedto the continuous time system with parametric uncertainty theresults are poor, as illustrated in figure 4. Here, the maximumovershoot (i.e. the worst case from all 32 simulations) is1.75, well over the specified limit; while the control inputbecomes saturated in many of the realisations. To improvethe performance of the controller, multi-objective optimisationis employed as discussed in section 6.2 below.It is worth pointing out that, in all these simulations,when the input reaches the +/- 5 limit, it is this saturatedlevel that is actually employed; however, in such cases, theincremental form of the PIP controller means that integralwind-up does not occur, although clearly the performance ofthe controller may suffer in other ways. Finally, in the presentsection, note that the PIP control algorithm is implementedin a forward path form, since this is found to yield the bestresults for this system. For a full discussion of theincremental, forward path PIP control structure see, forexample, references [8-9].

0 2 4 6 8 10 12 14 16 18 20 -1.5 -1 -0.5 0 0.5 1 1.5

0 2 4 6 8 10 12 14 16 18 20 -5

0

5

[seconds]

Figure 3. PIP-LQ control of the continuous time plant;output (solid trace) and (dashed) +/- 0.2 of the setpoint (top); control input (bottom).

0 5 10 15 20 25 30 -1.5

-1

-0.5

0

0.5

1 1.5Figure 4. PIP-LQ control (with the same gains as for figure 3)of the continuous time plant, with extremes of parametricuncertainty at stress level 2; 32 simulations.

6.2 Optimisation for different stress levelsThe present section employs multi-objective optimisation toimprove the robustness of the PIP controller. All the resultsare obtained using the MatlabTM optimisation toolbox.Because of space limitations, the discussion is limited tostress level 2, however, the LQ weights may be similarlyoptimised for stress levels 1 and 3.To start with, consider the optimisation of just two goals,namely the maximum overshoot and the time it takes for theoutput to reach 0.8 of the set point. The primary objective inthis exercise is to minimise the overshoot, however, the risetime is a necessary constraint since, without it, the routineswill very quickly find a solution that has an extremely slowresponse. To minimise computation time, the optimisation issimplified by considering only the worst case scenario foreach of these two goals, i.e. the two particular realisationsthat yield the highest overshoot and longest rise time whenthe default PIP-LQ controller is employed, as illustrated infigure 5. The thin trace in figure 5 is obtained with default LQweights, i.e.

Q = diag 1 0.5 1 [ ]

, while the improved thicktrace is with the optimised weights thus:

Q = 4.51 1.09 1.53

1.09 0.42 0.72

1.53 0.72 2.06

(12)yielding a control gain vector,

K = 5.71 0.93 − 1.17 [ ]

(13)The control input weight R is set to the default value of 0.5in both cases. When employed over the full 32 realisations,the optimised PIP algorithm yields a considerableimprovement over the initial design as illustrated in figure 6.

0 5 10 15 20 25 30 -1.5

-1

-0.5

0

0.5

1 1.5Figure 5. PIP-LQ control of the continuous time plant atstress level 2; dashed lines show +/- 0.2 of the set point;control using default LQ weights (thin) and optimisedLQ weights (thick); 2 simulations, i.e. those withextremes of overshoot and rise time.

0 5 10 15 20 25 30 -1.5

-1

-0.5

0

0.5

1 1.5Figure 6. Optimised PIP-LQ control of the continuous timeplant with extremes of parametric uncertainty at stress level 2;dashed lines show +/- 0.2 of the set point; 32 simulations;as for figure 4 except with optimised LQ weights.For the present example, one additional goal is theminimisation of the non-minimum phase behaviour exhibitedby the system. Again, only the worst case realisation (foundwith the default controller) is employed in the optimisation,which, therefore, now includes 3 simulations at each iteration.The new optimised control gain vector with the fastest risetime (for the worst case realisation) is as follows:

K = 8.15 1.32 − 2.08 [ ]

(14)and this yields a response that satisfies the original controlobjectives stated above, for all 32 simulations. Clearly,further improvements in the design may be obtained byincluding even more goals and more simulations in theoptimisation process, at the expense of increasedcomputational effort. However, the simplified approachemployed here, works very well for the present example.6.3 Evaluation on black box simulationA forward path, incremental form [6] of the PIP algorithmutilizing the control gains (14), is programmed in C andincluded in the code for the "black box" IFAC93 benchmark.Figure 7 illustrates 15 realisations of the simulation, each of20 seconds length and overlaid in the figure. These exampleresults compare favourably with those in figure 23 ofreference [4].It is worth pointing out that continuous time versions ofPIP control [17], based on SRIV estimated s-operatormodels, have been optimised and implemented on thebenchmark, with equally successful results. Finally, note thatin the present example, the optimisation has made use of theavailable continuous time plant model with known parameterlimits, effectively a validated simulation of the system. Insituations where such a model is not known, similartechniques may be employed utilising the estimatedparameter uncertainty available in the P matrix, i.e.optimisation of the MC realisations.

0 2 4 6 8 10 12 14 16 18 -1.5 -1 -0.5 0 0.5 1 1.5 Simulation output

0 2 4 6 8 10 12 14 16 18 -5

0

5 Control input

[seconds]

Figure 7. Optimised PIP-LQ control of the IFAC93benchmark at stress level 2; 15 realisations.7 ConclusionsPrevious publications have shown that the Proportional-Integral-Plus (PIP) controller has great flexibility in designterms. For example, it can be applied directly to single andmultivariable systems described by backward shift [2],continuous-time [17] or delta [10] operator models. Thepresent paper has demonstrated how, because of its non-minimal state space (NMSS) formulation, it can be extendedeasily to handle stochastic systems and is ideal forincorporation within a multi-objective optimisationframework. Moreover, the approach allows for the exploitationof any state variable feedback control procedure, including thestate space solutions of modern robust designs based on risksensitive and

H∞

methods.In practical terms, the paper has shown how PIP risksensitive control, employing a Linear-Exponential-of-Quadratic-Gaussian (LEQG) cost function, may be appliedsuccessfully to a multivariable coupled drives rig. In addition,the flexibility introduced by the multi-objective optimisationform of the PIP design method has been illustrated by thedesign of PIP controllers for the IFAC93 benchmark problem.Here, fast robust control of the benchmark is achieved at anystress level, despite severe parametric uncertainty.AcknowledgementsThe research described in this paper is funded by the UKEngineering and Physical Sciences Research Council(EPSRC), grant number GR/J10136. With regards to theIFAC93 benchmark problem, the authors are also grateful forthe assistance of J. F. Whidborne.References[1]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, 6, 1867-1881, (1987).[2]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, 4, 591-604,(1994).[3]Dixon, R. and Lees, M.J., Implementation ofmultivariable proportional-integral-plus (PIP) control designfor a coupled drive system, Proceedings of the 10thInternational Conference on Systems Engineering (ICSE)Vol. 1, 286-293, (1994).[4]Whidborne, J.F., Murad, G., Gu, D.-W. andPostlethwaite, I., Robust control of an unknown plant - theIFAC93 benchmark, Int. J. Control, 61, 3, 589-640, (1995).[5]Whittle, P., Risk sensitive linear/ quadratic/gaussiancontrol, Adv. Appl. Prob., 13, 764-777, (1981).[6]Tych, W., Young, P.C. and Chotai, A., TDC:Computer aided True Digital Control of multivariable deltaoperator systems. Proceedings of 13th IFAC WorldCongress, paper no. 5c-01 5, Elsevier, (1996).[7]Fleming, P.J. and Pachkevitch, A.P., Application ofmulti-objective optimisation to compensator design for SISOcontrol-systems, Electronics Letters, 22, 5, 258-259, (1986).[8]Taylor, C.J., Generalised Proportional-Integral-Pluscontrol, PhD thesis, Environmental Science Division,Lancaster University, U.K. (1996).[9]Taylor, C.J., Young, P.C., Chotai, A., Tych, W. andLees, M.J., The importance of structure in PIP controldesign,, I.E.E. conf. publ. 427, vol. 2, 1196-1201, (1996).[10]Chotai, A., Young, P.C., Tych, W. and Lees, M.,Proportional-Integral-Plus (PIP) Design for Stochastic DeltaOperator Systems, I.E.E. Pub. No. 389, 75-80, (1994).[11]Bitmead, R.R., Gevers, M. and Wertz, V., AdaptiveOptimal Control The Thinking manÕs GPC, Prentice Hall,(1990).[12]Dixon, R., Chotai A. and Young, P.C., The theory andimplementation of the filter form Proportional-Integral-Plus(PIP) control design for multivariable models, Centre forResearch on Environmental Systems and Statistics (CRES),Technical Report TR/122, (1995).[13]Mustafa, D., and Glover, K., Minimum Entropy

H¥

control, Springer-Verlag: Berlin, (1990).[14]Taylor, C.J., Young, P.C. and Chotai, A., PIP optimalcontrol with a risk sensitive criterion, I.E.E. conf. publ. 427,vol. 2, 959-964, (1996).[15]Young, P.C., The instrumental variable method: apractical approach to identification and system parameterestimation. Identification and System Parameter estimation(Eds. H.A. Barker and P.C. Young), pp. 1-26, Pergamon,Oxford, (1995).[16]Lees, M.J., Taylor, J., Chotai, A., Young, P.C. andChalabi, Z.S., Design and implementation of a Proportional-Integral-Plus (PIP) control system for temperature, humidity,and carbon dioxide in a glasshouse, Acta Horticulturae, 406,115-123, (1996).[17]Young, P.C., Chotai, A. and Tych, W., Identification,estimation and control of continuous-time systems describedby delta operator models. Identification of Continuous TimeSystems (Eds. N.K. Sinha and G.P. Rao), pp. 363-418,Kluwer Academic Publishers, Dordrecht, (1991).