App ears in A dvanc es in Neur al Information Pr o c essing Systems 4 (1992),

J. Mo o dy , S. Hanson, and R. Lippmann (eds.), Morgan Kaufmann.

Refining PID Con trollers using Neural Net w orks

Gary M. Scott

Departmen t of Chemical Engineering

1415 Johnson Driv e

Univ ersit y of Wisconsin

Madison, WI 53706

Jude W. Sha vlik

Departmen t of Computer Sciences

1210 W. Da yton Street

Univ ersit y of Wisconsin

Madison, WI 53706

W. Harmon Ra y

Departmen t of Chemical Engineering

1415 Johnson Driv e

Univ ersit y of Wisconsin

Madison, WI 53706

Abstract

The Kbann approac h uses neural net w orks to refine kno wledge that can

b e written in the form of simple prop ositional rules. W e extend this idea

further b y presen ting the Manncon algorithm b y whic h the mathematical

equations go v erning a PID con troller determine the top ology and initial

w eigh ts of a net w ork, whic h is further trained using bac kpropagation. W e

apply this metho d to the task of con trolling the outflo w and temp erature

of a w ater tank, pro ducing statistically-significan t gains in accuracy o v er

b oth a standard neural net w ork approac h and a non-learning PID con-

troller. F urthermore, using the PID kno wledge to initialize the w eigh ts of

the net w ork pro duces statistically less v ariation in testset accuracy when

compared to net w orks initialized with small random n um b ers.

1 INTR ODUCTION

Researc h in to the design of neural net w orks for pro cess con trol has largely ignored

existing kno wledge ab out the task at hand. One form this kno wledge (often called

the “domain theory”) can tak e is em b o died in traditional con troller paradigms. The recen tly-dev elop ed Kbann (Kno wledge-Based Artificial Neural Net w orks) approac h

(T o w ell et al., 1990) addresses this issue for tasks for whic h a domain theory (written

using simple prop ositional rules) is a v ailable. The basis of this approac h is to use

the existing kno wledge to determine an appropriate net w ork top ology and initial

w eigh ts, suc h that the net w ork b egins its learning pro cess at a “go o d” starting

p oin t.

This pap er describ es the Manncon (Multiv ariable Artificial Neural Net w ork Con-

trol) algorithm, a metho d of using a traditional con troller paradigm to determine

the top ology and initial w eigh ts of a net w ork. The used of a PID con troller in this

w a y eliminates net w ork-design problems suc h as the c hoice of net w ork top ology

( i.e., the n um b er of hidden units) and reduces the sensitivit y of the net w ork to the

initial v alues of the w eigh ts. F urthermore, the initial configuration of the net w ork

is closer to its final state than it w ould normally b e in a randomly-configured net-

w ork. Th us, the Manncon net w orks p erform b etter and more consisten tly than

the standard, randomly-initialized three-la y er approac h.

The task w e examine here is learning to con trol a Multiple-Input, Multiple-Output

(MIMO) system. There are a n um b er of reasons to in v estigate this task using neu-

ral net w orks. One, it usually in v olv es nonlinear input-output relationships, whic h

matc hes the nonlinear nature of neural net w orks. Tw o, there ha v e b een a n um b er

of successful applications of neural net w orks to this task (Bhat & McAv o y , 1990;

Jordan & Jacobs, 1990; Miller et al., 1990). Finally , there are a n um b er of existing

con troller paradigms whic h can b e used to determine the top ology and the initial

w eigh ts of the net w ork.

2 CONTR OLLER NETW ORKS

The Manncon algorithm uses a Pr op ortional–Inte gr al–Derivative (PID) con troller

(Stephanop oulos, 1984), one of the simplest of the traditional feedbac k con troller

sc hemes, as the basis for the construction and initialization of a neural net w ork con-

troller. The basic idea of PID con trol is that the con trol action u (a v ector) should

b e prop ortional to the error, the in tegral of the error o v er time, and the temp oral

deriv ativ e of the error. Sev eral tuning parameters determine the con tribution of

these v arious comp onen ts. Figure 1 depicts the resulting net w ork top ology based

on the PID con troller paradigm. The first la y er of the net w ork, that from y

sp

(de-

sired pro cess output or setp oin t) and y

( n − 1)

(actual pro cess output of the past time

step), calculates the simple error ( e ). A simple v ector difference,

e = y

sp

− y

accomplishes this. The second la y er, that b et w een e , ε

( n − 1)

, and ε , calculates the

actual error to b e passed to the PID mec hanism. In effect, this la y er acts as a

steady-state pre-comp ensator (Ra y , 1981), where

ε = G

I e

and pro duces the curren t error and the error signals at the past t w o time steps.

This comp ensator is a constan t matrix, G

I

, with v alues suc h that in teractions at a

steady state b et w een the v arious con trol lo ops are eliminated. The final la y er, that

b et w een ε and u

( n )

(con troller output/plan t input), calculates the con troller action y

( n − 1)

F

T y

sp

F

sp

T

sp u

( n − 1)

F

C

F

H

e

ε

ε

( n − 1) u

( n )

F

C

F

H d

( n )

F

d

T

d

W ater

T ank

y

( n )

F

T

1

1

-1

-1

1

1

1

1

1

1

G

I

w = w

C 0

w

H 0

w

C 1

w

H 1

w

C 2

w

H 2

Figure 1: Manncon net w ork sho wing w eigh ts that are initialized using

Ziegler-Nic hols tuning parameters.

based on the v elo cit y form of the discrete PID con troller:

u

C ( n )

= u

C ( n − 1)

+ w

C 0 ε

1( n )

+ w

C 1 ε

1( n − 1)

+ w

C 2 ε

1( n − 2)

where w

C 0

, w

C 1

, and w

C 2 are constan ts determined b y the tuning parameters of the

con troller for that lo op. A similar set of equations and constan ts ( w

H 0

, w

H 1

, w

H 2

)

exist for the other con troller lo op.

Figure 2 sho ws a sc hematic of the w ater tank (Ra y , 1981) that the net w ork con-

trols. This figure also sho ws the con troller v ariables ( F

C and F

H

), the tank output

v ariables ( F ( h ) and T ), and the disturbance v ariables ( F

d and T

d

). The con troller

cannot measure the disturbances, whic h represen t noise in the system.

Manncon initializes the w eigh ts of Figure 1’s net w ork with v alues that mimic

the b eha vior of a PID con troller tuned with Ziegler-Nic hols (Z-N) parameters

(Stephanop oulos, 1984) at a particular op erating condition. Using the Kbann

approac h (T o w ell et al., 1990), it adds w eigh ts to the net w ork suc h that all units

in a la y er are connected to all units in all subsequen t la y ers, and initializes these

w eigh ts to small random n um b ers sev eral orders of magnitude smaller than the

w eigh ts determined b y the PID parameters. W e scaled the inputs and outputs of

the net w ork to b e in the range [0 , 1].

Initializing the w eigh ts of the net w ork in the manner giv en ab o v e assumes that the

activ ation functions of the units in the net w ork are linear, that is,

o

j ,l inear

=

∑

w

j i o

i h

Cold Stream (at T

C

)

F

C

Hot Stream (at T

H

)

F

H

Disturbance

F

d

, T

d

Output

F ( h ) , T

T = T emp erature

F = Flo w Rate

Figure 2: Stirred mixing tank requiring outflo w and temp erature con trol.

T able 1: T op ology and initialization of net w orks.

Net w ork

T op ology W eigh t Initialization

1. Standard neural net w ork

3-la y er (14 hidden units) random

2. Manncon net w ork I

PID top ology random

3. Manncon net w ork I I

PID top ology Z-N tuning

The strength of neural net w orks, ho w ev er, lie in their ha ving nonlinear (t ypically

sigmoidal) activ ation functions. F or this reason, the Manncon system initially sets

the w eigh ts (and the biases of the units) so that the linear resp onse dictated b y the

PID initialization is appr oximate d b y a sigmoid o v er the output range of the unit.

F or units that ha v e outputs in the range [ − 1 , 1], the activ ation function b ecomes

o

j ,sig moid

=

2

1 + exp ( − 2 . 31

∑

w

j i o

i

)

− 1

where w

j i are the linear w eigh ts describ ed ab o v e.

Once Manncon configures and initializes the w eigh ts of the net w ork, it uses a set

of training examples and bac kpropagation to impro v e the accuracy of the net w ork.

The w eigh ts initialized with PID information, as w ell as those initialized with small

random n um b ers, c hange during bac kpropagation training.

3 EXPERIMENT AL DET AILS

W e compared the p erformance of three net w orks that differed in their top ology

and/or their metho d of initialization. T able 1 summarizes the net w ork top ology

and w eigh t initialization metho d for eac h net w ork. In this table, “PID top ology”

is the net w ork structure sho wn in Figure 1. “Random” w eigh t initialization sets

T able 2: Range and a v erage duration of setp oin ts for exp erimen ts.

Exp erimen t

T raining Set T esting Set

1 [0 . 1 , 0 . 9] [0 . 1 , 0 . 9]

22 instances 22 instances

2 [0 . 1 , 0 . 9] [0 . 1 , 0 . 9]

22 instances 80 instances

3 [0 . 4 , 0 . 6] [0 . 1 , 0 . 9]

22 instances 80 instances

all w eigh ts to small random n um b ers cen tered around zero. W e also compare these

net w orks to a (non-learning) PID con troller.

W e trained the net w orks using bac kpropagation o v er a randomly-determined sc hed-

ule of setp oin t y

sp and disturbance d c hanges that did not rep eat. The setp oin ts,

whic h represen t the desired output v alues that the con troller is to main tain, are the

temp erature and outflo w of the tank. The disturbances, whic h represen t noise, are

the inflo w rate and temp erature of a disturbance stream. The magnitudes of the

setp oin ts and the disturbances formed a Gaussian distribution cen tered at 0 . 5. The

n um b er of training examples b et w een c hanges in the setp oin ts and disturbances

w ere exp onen tially distributed.

W e p erformed three exp erimen ts in whic h the c haracteristics of the training and/or

testing set differed. T able 2 summarizes the range of the setp oin ts as w ell as their

a v erage duration for eac h data set in the exp erimen ts. As can b e seen, in Exp erimen t

1, the training set and testing sets w ere qualitativ ely similar; in Exp erimen t 2, the

test set w as of longer duration setp oin ts; and in Exp erimen t 3, the training set w as

restricted to a subrange of the testing set. W e p erio dically in terrupted training and

tested the net w ork. Results are a v eraged o v er 10 runs (Scott, 1991).

W e used the error at the output of the tank ( y in Figure 1) to determine the net w ork

error (at u ) b y propagating the error bac kw ard through the plan t (Psaltis et al.,

1988). In this metho d, the error signal at the input to the tank is giv en b y

δ

ui

= f

′

( net

ui

)

∑

j δ

y j

∂ y

i

∂ u

i

where δ

y j represen ts the simple error at the output of the w ater tank and δ

ui is the

error signal at the input of the tank. Since w e used a mo del of the pro cess and not a

real tank, w e can calculate the partial deriv ativ es from the pro cess mo del equations.

4 RESUL TS

Figure 3 compares the p erformance of the three net w orks for Exp erimen t 1. As can

b e seen, the Manncon net w orks sho w an increase in correctness o v er the standard

neural net w ork approac h. Statistical analysis of the errors using a t -test sho w

that they differ significan tly at the 99.5% confidence lev el. F urthermore, while the

difference in p erformance b et w een Manncon net w ork I and Manncon net w ork I I is

Mean Square Testing Error

= Standar d neur al network

= Manncon network I

= Manncon network II

= PID c ontr ol ler (non-le arning)

3: Mean square error of net w orks on the testset as a function of n um b er of training instances presen ted for Exp erimen t 1.

significan t, the difference in the varianc e of the testing error o v er differen t runs significan t (99.5% confidence lev el). Finally , the Manncon net w orks p erform tly b etter (99.95% confidence lev el) than the non-learning PID con troller.

p erformance of the standard neural net w ork represen ts the b est of sev eral trials a v arying n um b er of hidden units ranging from 2 to 20.

second observ ation from Figure 3 is that the Manncon net w orks learned m uc h quic kly than the standard neural-net w ork approac h. The Manncon net w orks significan tly few er training instances to reac h a p erformance lev el within of its final error rate. F or eac h of the exp erimen ts, T able 3 summarizes the mean error, as w ell as the n um b er of training instances required to ac hiev e a erformance within 5% of this v alue.

Exp erimen ts 2 and 3 w e again see a significan t gain in correctness of the Mannet w orks o v er b oth the standard neural net w ork approac h (99.95% confidence el) as w ell as the non-learning PID con troller (99.95% confidence lev el). In these erimen ts, the Manncon net w ork initialized with Z-N tuning also learned sigtly quic k er (99.95% confidence lev el) than the standard neural net w ork.

FUTURE W ORK question is whether the in tro duction of extra hidden units in to the net w ork ould impro v e the p erformance b y giving the net w ork “ro om” to learn concepts are outside the giv en domain theory . The addition of extra hidden units as ell as the remo v al of unneeded units is an area with m uc h ongoing researc h.

able 3: Comparison of net w ork p erformance.

d Square Error raining Instances erimen t 1

Standard neural net w ork . 0103 ± 0 . 0004 , 200 ± 2 , 260

Manncon net w ork I . 0090 ± 0 . 0006 , 000 ± 3 , 340

Manncon net w ork I I . 0086 ± 0 . 0001 ± 200

PID con trol (Z-N tuning) . 0109

Fixed con trol action . 0190 erimen t 2

Standard neural net w ork . 0118 ± 0 . 00158 , 400 ± 3 , 150

Manncon net w ork I . 0040 ± 0 . 00014 , 000 ± 3 , 690

Manncon net w ork I I . 0038 ± 0 . 00006 , 080 ± 300

PID con trol (Z-N tuning) . 0045

Fixed con trol action . 0181 erimen t 3

Standard neural net w ork . 0112 ± 0 . 00013 , 200 ± 2 , 360

Manncon net w ork I . 0039 ± 0 . 00008 , 000 ± 1 , 550

Manncon net w ork I I . 0036 ± 0 . 00006 , 400 ± 1 , 180

Fixed con trol action . 0181

“ ± ” indicates that the true v alue lies within these b ounds at a 95% lev el. The v alues giv en for fixed con trol action (5) represen t errors resulting from fixing the con trol actions at a lev el that pro duces of [0 . 5 , 0 . 5] at steady state.

(rapid c hanges in con troller actions) o ccurred in some of the trained w orks. A future enhancemen t of this approac h w ould b e to create a net w ork hitecture that prev en ted this ringing, p erhaps b y limiting the c hanges in the troller actions to some relativ ely small v alues.

imp ortan t goal of this approac h is the application of it to other real-w orld cesses. The w ater tank in this pro ject, while illustrativ e of the approac h, w as simple. Muc h more difficult problems (suc h as those con taining significan t dela ys) exist and should b e explored.

are sev eral other con troller paradigms that could b e used as a basis for netork construction and initialization. There are sev eral differen t digital con trollers, h as Deadb eat or Dahlin’s (Stephanop oulos, 1984), that could b e used in place the digital PID con troller used in this pro ject. Dynamic Matrix Con trol (DMC) et al., 1980) and In ternal Mo del Con trol (IMC) (Garcia & Morari, 1982) are candidates for consideration for this approac h.

, neural net w orks are generally considered to b e “blac k b o xes,” in that their w orkings are completely unin terpretable. Since the neural net w orks in this h are initialized with information, it ma y b e p ossible to in terpret the w eigh ts the net w ork and extract useful information from the trained net w ork.

CONCLUSIONS e ha v e describ ed the Manncon algorithm, whic h uses the information from a con troller to determine a relev an t net w ork top ology without resorting to trialmetho ds. In addition, the algorithm, through initialization of the w eigh ts prior kno wledge, giv es the bac kpropagtion algorithm an appropriate direction whic h to con tin ue learning. Finally , w e ha v e sho wn that using the Manncon significan tly impro v es the p erformance of the trained net w ork in the folwing w a ys:

Impro v ed mean testset accuracy

Less v ariabilit y b et w een runs

F aster rate of learning

Better generalization and extrap olation abilit y kno wledgemen ts material based up on w ork partially supp orted under a National Science F oun-

Graduate F ello wship (to Scott), Office of Na v al Researc h Gran t N00014-90- and National Science F oundation Gran ts IRI-9002413 and CPT-8715051.

N. & McAv o y , T. J. (1990). Use of neural nets for dynamic mo deling and trol of c hemical pro cess systems. Computers and Chemic al Engine ering , 14 ,

C. E. & Morari, M. (1982). In ternal mo del con trol: 1. A unifying review some new results. I&EC Pr o c ess Design & Development , 21 , 308–323.

M. I. & Jacobs, R. A. (1990). Learning to con trol an unstable system forw ard mo deling. In A dvanc es in Neur al Information Pr o c essing Systems ol. 2, pp. 325–331). San Mateo, CA: Morgan Kaufmann.

W. T., Sutton, R. S., & W erb os, P . J. (Eds.)(1990). Neur al networks for ontr ol . Cam bridge, MA: MIT Press.

D. M., Ramak er, B. L., & Cutler, C. R. (1980). Dynamic matrix con trol d. P aten t 4,349,869, Shell Oil Compan y .

D., Sideris, A., & Y amam ura, A. A. (1988). A m ultila y ered neural net w ork troller. IEEE Contr ol Systems Magazine , 8 , 17–21.

y , W. H. (1981). A dvanc e d pr o c ess c ontr ol . New Y ork: McGra w-Hill, Inc.

G. M. (1991). Refining PID con trollers using neural net w orks. Master’s ject, Univ ersit y of Wisconsin, Departmen t of Computer Sciences.

oulos, G. (1984). Chemic al pr o c ess c ontr ol: An intr o duction to the ory pr actic e . Englew o o d Cliffs, NJ: Pren tice Hall, Inc.

o w ell, G., Sha vlik, J., & No ordewier, M. (1990). Refinemen t of appro ximate dotheories b y kno wledge-base neural net w orks. In Eighth National Confere on A ritificial Intel ligenc e (pp. 861–866). Menlo P ark, CA: AAAI Press.