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U e. Design and Tuning of Single-Loop Control Systems

We will go through a whole bundle of tuning methods. We only need to "pick" three numbers for a
PID controller, but this is one of the most confusing parts of learning control. Different tuning
techniques give similar but not identical results. There are no “best” or “absolutely correct”
answers. The methods all have pros and cons, and working together, they complement each other.
We need to make proper selection and sound judgment—very true to the act (and art) of design.

What are we up to?
» Tune a controller with empirical relations

* Tune a controller with internal model control relations

6.1 Tuning controllers with empirical relations

Let’'s presume that we have selected the valves, transducers and even installed a controller. We now
need to determine the controller settings—a practice which we call tuning a controller. Trial-and-
error tuning can be extremely time consuming (and dumbt), to the extent that it may not be done.
A large distillation column can take hours to reach steady state. A chemical reactor may not reach
steady state at al if you have areactor "runaway." Some systems are unstable at high and low
feedback gains, they are stable only in some intermediate range. These are reasons why we have to
go through all the theoriesto learn how to design and tune a controller with well educated (or so
we hope) guesses.

Empirical tuning roughly involves doing either an open-loop or a closed-loop experiment, and
fitting the response to amodel. The controller gains are calculated on the basis of this fitted
function and some empirical relations. When we use empirical tuning relations, we cannot dictate
system dynamic response specifications. The controller settings are seldom optimal and most often
require field tuning after installation to meet more precise dynamic response specifications.
Empirical tuning may not be appealing from a theoretical viewpoint, but it gives us a quick-and-
dirty starting point. Two remarks before we begin.

* Most empirical tuning relations that we use here are based on open-loop data fitted to afirst
order with dead time transfer function. This feature is unique to process engineering where
most units are self-regulating. The dead time is either an approximation of multi-stage
processes or aresult of transport lag in the measurement. With large uncertainties and the need
for field tuning, models more elaborate than the first order with dead time function are usually
not warranted with empirical tuning.

» Some empirical tuning relations, such as Cohen and Coon, are devel oped to achieve a one-
quarter decay ratio response in handling disturbances. When we apply the settings of these
relations to a servo problem, it tends to be very oscillatory and is not what one considers as
dightly underdamped.q The controller design depends on the specific problem at hand. We
certainly need to know how to tune a controller after using empirical tuning relations to select
the initial settings2

1 If we assume that an oscillatory system response can be fitted to a second order underdamped
function. With Eq. (3-29), we can calculate that with a decay ratio of 0.25, the damping ratio {is
0.215, and the maximum percent overshoot is 50%, which is not insignificant. (These values

came from Revew Problem 4 back in Chapter 5.)

2 By and large, aquarter decay ratio response is acceptable for disturbances but not desirable for
set point changes. Theoretically, we can pick any decay ratio of our liking. Recall Section 2.7 (p.
2-17) that the position of the closed-loop pole lies on aline governed by 8 = cos¢. In the next
chapter, we will locate the pole position on aroot locus plot based on a given damping ratio.
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Figure 6.1. Block diagram illustration of an open-loop step test.

6.1.1 Controller settings based on process reaction curve

To make use of empirical tuning relations, one approach isto obtain the so-called process
reaction curve. We disable the controller and introduce a step change to the actuator. We then
measure the open-loop step response. This practice can simply be called an open-loop
step test. Although we disconnect the controller in the schematic diagram we
usualy only need to turn the controller to the “manua” mode in reality. As shown in the block
diagram, what we measure is alumped response, representing the dynamics of the blocks G,

Gp, and Gm. We denote the lumped function as Gpr, the process reaction curve function:

C
Gppe = ?’“ =G,G, G, (6-1)

From the perspective of doing the experiment, we need the actuator to effect achangein the
manipulated variable and the sensor to measure the response.

The measurement of Gprc IS how we may design a system if we know little about our process
and are incapable of constructing amodel (What excuse!). Even if we know what the functions G
and Gy, should be, we do not need them since the controller empirical tuning relations were
developed for the lumped function Gpgc. On the other hand, if we know precisely what the
functions G, Gp and G, are, we may use them to derive Gprc as areduced-order approximation of
the product of GGG

K

Figure 6.2. lllustration of fitting Eq. (6-2, solid curve) to open-loop step test data
representative of self-regulating and multi-capacity processes (dotted curve). The time
constant estimation shown here is based on the initial slope and a visual estimation of dead
time. The Ziegler-Nichols tuning relation (Table 6.1) also uses the slope through the inflection
point of the data (not shown). Alternative estimation methods are provided on our Web
Support.



Thereal time data (the process reaction curve) in most processing unit operations take the form
of asigmoidal curve, which isfitted to afirst order with dead time function (Fig. 6.2)@

Cm _ Ke_tds (6'2)
P 1s+1

Gpre =

One reason why this approximation works is that process unit operations are generally open-loop
stable, and many are multi-capacity in nature. Reminder: Underdamped response of the systemis
due to the controller, which is taken out in the open-loop step test.

Using the first order with dead time function, we can go ahead and determine the controller
settings with empirical tuning relations. The most common ones are the Ziegler-Nichols
relations. In process unit operation applications, we can also use the Cohen and Coon or the
Ciancone and Marlin relations. These relations are listed in the Table of Tuning Relations
(Tanle 6.1).

6.1.2 Minimum error integral criteria

The open-loop test response fitted to afirst order with dead time function Gpgc can be applied

to other tuning relations. One such possibility is a set of relations derived from the minimization
of error integrals. Here, we just provide the basic idea behind the use of error integrals.

To derive the tuning equations, we would use the theoretical time-domain closed-loop system
response as opposed to a single quantity, such asthe decay ratio. The time-domain solution is
dependent on the type of controller and the nature of input (set point or disturbance changes) and,
inour case, a“process’ function that isfirst order with dead time. We can also calculate the
error—the difference between the set point and the controlled variable. We then find controller
settings which may minimize the error over time (the error integral), using for instance, Lagrange
multipliers as in introductory calculus. Of course, we are not doing the work; the actual analysisis
better left for a course in optimal control.

There are different ways to define the error function to be minimized. A few possibilities are as
follows:

(1) Integra of the square error (1SE)

ISE = L BEOR: 63

The I SE magnifies large errors—squaring a small number (< 1) makes it even smaller. Thus
minimization of thisintegral should help to suppress large, initial errors. The resulting
controller setting tends to have a high proportional gain and the system is very underdamped.

(2) Integral of the absolute error (IAE)
IAE = Jw\é(t)\dt (6-4)
0
The IAE simply integrates the absolute value and puts equal weight to large and small errors.

(3) Integra of time-weighted absolute error (ITAE)

1 Thefirst order function with dead time is only appropriate for self-regulating and multi-capacity
processes. In other controller design methods, we should choose different functions to fit the open-
loop test response.



ITAE = [t
0

e dt (65)

The time weighting function puts a heavy penalty on errors that persist for long periods of
time. This weighting function also helps to derive controller settings which allow for low
settling times.

Before we move on, afew comments and reminders:

» Asfar aswe are concerned, using the error integral criteriais just another empirical method.
We are simply using the results of minimization obtained by other people, not to mention
that the first order with dead time function is from an open-loop test.

» The controller setting is different depending on which error integral we minimize. Set point
and disturbance inputs have different differential equations, and since the optimization
calculation depends on the time-domain solution, the result will depend on the type of input.
The closed-loop poles are the same, but the zeros, which affect the time-independent
coefficients, are not.

e Thetimeintegral isfromt=0tot = o, and we can only minimize it if it is bounded. In other
words, we cannot minimize the integral if thereis a steady state error. Only Pl and PID
controllers are applicable to this design methodd

» Theoretically, we can minimize the integral using other criteria. On the whole, the controller
settings based on minimizing I TAE provide the most conservative controller design, and are
highly recommended. Thisisthe only set of tuning relations included in[Table 6.1.

6.1.3 Ziegler-Nichols ultimate-cycle method

This empirical method is based on closed-loop testing (also called on-line tuning) of processes
which are inherently stable, but where the system may become unstable. We use only proportional
control in the experiment. If it is not possible to disable the integral and derivative control modes,
we set the integral time to its maximum value and the derivative time to its minimum. The
proportional gain is slowly increased until the system begins to exhibit sustained oscillations with
agiven small step set point or load change. The proportional gain and period of oscillation at this
point are the ultimate gain, K¢y, and ultimate period, Ty. These two quantities are used in a

set of empirical tuning relations developed by Ziegler and Nichols—again listed in[Table 6.1.
Two more comments:

« A preview: We can derive the ultimate gain and ultimate period (or frequency) with
stability analyses. In[Chapter 7} we use the substitution s = jw in the closed-loop
characteristic equation. In Chapter 8, we make use of what is called the Nyquist
stability criterion and Bode plots.

» One may question the meaning of “sustained oscillations.” We may gather that the
ultimate gain and ultimate period are associated with marginal stability—the instance
when the system is just about to become unstable. Of course, we never want to push
that far in real life. With large uncertainties involved in empirical tuning and field
tuning, it is not necessary to have accurate measurements of K, and Ty, When we do
an experiment, just increase the proportional gain until we achieve afairly
underdamped response.

1 If you come across a proportional controller here, it is only possible if the derivation has
ignored the steady state error, or shifted the reference such that the so-called offset is zero.



[l Example 5.7A: What would be the PID controller settings for the dye mixing problem in
Example 5.7](p. 5-17)?

Based on what we have obtained in|[Example 5.7, if we did an open-loop experiment as suggested
in Eq. (6-1), our step response would fit well to the function:

~ _ (0.8) (0.6) (2.6) e~ 07255
Gere = GaGpGm=""45+ 1) (0.25+ 1)

However, to use the empirical tuning relations, we need to fit the datato afirst order function with
dead time. Thus at this stage, we probably would have obtained the approximation:

1.25¢09s
Core™ 2541

Here, we assume that the datafitting allows us to recover the time constant of the dominant pole
reasonably well, and the dead timeis roughly 0.9 s. We are not adding exactly 0.2t0 0.725 asa
way to emphasize that in reality, we would be doing data fitting and the result will vary. How
good an approximation is depends very much on the relative differences in the time constants.
(Try with MATLAB simulation to see how good the approximation is. For the numbers chosen in
this example, it is easy to obtain a good approximation.)

Now, with Table 6.10 we can calculate the followi ng PID controller settings:

Ke T o
Cohen-Coon 4.9 2.0 0.31
Ziegler-Nichols 4.3 1.8 0.45
ITAE (Set point) 2.8 3.1 0.31
Ciancone-Marlin (Set point) 1.2 4.4 0.07

All tuning relations provide different results. Generaly, the Cohen and Coon relation has the
largest proportional gain and the dynamic response tends to be the most underdamped. The
Ciancone-Marlin relation provides the most conservative setting, and it uses a very small
derivative time constant and arelatively large integral time constant. In away, their correlation
reflects acommon industrial preference for Pl controllers.

Well see how they compare in time response simulations when we come back to this problem
later in[Example 5.7C] A point to be made is that empirical tuning is a very imprecise science.
There is no reason to worry about the third significant figure in your tuning parameters. The
calculation only servesto provide us with an initial setting with which we begin to do field or
computational tuning.

1 Really calculated with our M-file recipe.m, which can be found on our Web Support.



While the calculations in the last example may appear as simple plug-and-chug, we should take
acloser look at the tuning relations. The Cohen and Coon equations for the proportional gain
taken from[Table 6.1]are:

KK = T 1

P: K= E+§ (6-6)
_ T 1

PI: KK= 09@‘*3 (6-79)
_(aT 1

PID: KcK—(3td+4) (6-83)

The choice of the proportional gain is affected by two quantities: the product K K, and the ratio
of dead time to time constant, t,/T. It may not be obvious why the product K_K is important now,
but we shall see how it arises from direct synthesisin the next section and appreciate how it helps
determine system stability in Chapter 8.

Under circumstances where the dead time is relatively small, only the first term on theright is
important in the three tuning equations. When dead time becomes larger (or 1/t, smaller), we need

to decrease the proportional gain, and thisis how the tuning relations are constructed. When we add
integral control, we need to decrease K .. Indeed, in[EQ. (6-7a), the T/t term is decreased by 10%,

and the constant term is reduced to 1/12. With the implementation of PID control, we can afford to
have alarger K. Thisisreflected in|(6-8a). We can make similar observations with the Ziegler-

Nicholsrelationsin Table 6.1. Furthermore, we may also seein Table 6.1 that if the dead time
increases, we should raise the integral time constant.



Table 6.1. Table of tuning relations
A. Tuning relations based on open-loop testing and response fitted to afirst order with dead time function

Ke—tds
PRC — 1S+ 1
Controller Cohen-Coon Ziegler-Nichols
P T 1 T
KK :(+) (66 | KK =— 69)
ty 3 tg
T 1 T
i KK={09—+— (6-79) KK =09_—- (6-10a)
ty 12 ty
30 + 3(tg/y
| =td¢ (6-7b) T, = 33ty (6-10b)
9+20(ty/1)
PID T 1 T
KK = (‘3‘ g ) (6-89) KK =12— (6-11a)
ty 4 ty
32+ 6(ty/-
| =ty () (6-8) T, = 2t (6-11b)
13 +8(ty/1)
4 TD = 05td (6'11C)
6-8c
T 11+ 2ty (&80
Minimum ITAE criterion
For load change:
b b b
_ al T 1 _ T td 2 B td 3
Kc = K (td) y Tl = 52 (‘[) and TD = a.3T ? (6-12)
Controller a b1 E) b2 &3 b3
Pl 0.859 0.977 0.674 0.680 - -
PID 1.357 0.947 0.842 0.738 0.381 0.995

1 All formulasin Table 6.1, and the PID settings in Table 6.2 later, are implemented in the M-
file recipe.m, available from our Web Support. The Ciancone and Marlin tuning relations are

graphical, and we have omitted them from the tables. The correlation plots, explanations, and the
interpolation calculations are provided by our M-file ciancone.m, which is also used by recipe.m.



For set point change:

by b3
[T T ty
K o= 2T , - ' ad = ag1|° 6-13
©K (td) 17 2y, (1) ‘o BT(T) ¢-13
Controller a b1 a b ag b3
Pl 0.586 0.916 1.03 0.165 - -
PID 0.965 0.855 0.796 0.147 0.308 0.929

B. Tuning relations based on closed-loop testing and the Ziegler-Nichols ultimate-gain (cycle) method with given
ultimate proportional gain K¢, and ultimate period T.

Ziegler-Nichols ultimate-gain method

Controller

P Ke =05Key (6-14)

Pl Kc =0455Kq,  (6-159)
1, = 0.833 Ty, (6-15b)

PID Quarter decay Just a bit of overshoot No overshoot
Ke =0.6Key (6-16a) K =0.33Kgy (6-178) K¢ =0.2Key (6-183)
7, = 05Ty (6-16b) T, = 05Ty (6-17b) 1, = 05Ty (6-18b)
Tp= 0125 Ty (6-16c) Tp= 0.333 Ty (6-17c) 1p= 0.333 Ty (6-18¢)




6.2 Direct synthesis and internal model control

We now apply adifferent philosophy to controller design. Up until now, we have had a
preconceived idea of what a controller should be, and we tune it until we have the desired system
response. On the other hand, we can be more proactive: we define what our desired closed-loop
response should be and design the controller accordingly. The resulting controller is not necessarily
aPID controller. Thisis acceptable with computer based controllers since we are not restricted to
off-the-shelf hardware.

In this chapter, however, our objective is more restricted. We will purposely choose simple
cases and make simplifying assumptions such that the results are PID controllers. We will see
how the method helps us select controller gains based on process parameters (i.e., the process
model). The method provides us with a more rational controller design than the empirical tuning
relations. Since the result depends on the process model, this method is what we considered a
model-based design.

[0 6.2.1 Direct synthesis

We consider a servo problem (i.e., L = 0), and set Gj;; = Gz = 1. The closed-loop function is the

familiar
C G.G,
Z=_"°¢"P -1
R 1+G.G, (619
which we now rearrange as
1[ CR
= — |5 -2
%= |1-om 62

Theimplication isthat if we define our desired system response C/R, we can derive the appropriate
controller function for a specific process function Gp,.

A couple of quick observations: First, Gc isthe reciprocal of Gp. The poles of Gy are related to
the zeros of G and vice versa—thisis the basis of the so-called pole-zero cancellation Second,
the choice of C/R is not entirely arbitrary; it must satisfy the closed-loop characteristic equation:
CR ] -0

1-CR (6-21)

1+G,G,=1+

From Eq. (6-20), it isimmediately clear that we cannot have an ideal servo response where C/R =
1, which would require an infinite controller gain. Now Eq. (6-21) indicates that C/R cannot be
some constant either. To satisfy (6-21), the closed-loop response C/R must be some function of s,
meaning that the system cannot respond instantaneously and must have some finite response time.

Let’'s select amore redlistic system response, say, a simple first-order function with unity
steady state gain

Tlo
I

Ts+1 (6-22)

1 The controller function will take on a positive pole if the process function has a positive zero.
It is not desirable to have an inherently unstable element in our control loop. Thisis an issue
which internal model control will address.



where 1. is the system time constant, a design parameter that we specify. The unity gain means

that we should eliminate offset in the system. Substitution of [Eq. (6-22)]in[(6-20)] leads to the
controller function:

Ge

1 l (6-23)

=1
Gp 1,5

The closed-loop characteristic equation, corresponding to|Eq. (6-21), is

1
1+— =0 -
s (6-24)

whichreally is 1 + 1.s= 0 as dictated by [6-22) The closed-loop poleisat s=-1/1;. Thisresult
is true no matter what Gy, is—as long as we can physically build or program the controller on a
computer. Since the system time constant . is our design parameter, it appears that direct

synthesis magically allows us to select whatever response time we want. Of course this cannot be
the case in reality. There are physical limitations such as saturation.

O Example 6.1: Derive the controller function for a system with afirst order process and a

system response dictated by [Eq. (6-22)|

K
The process transfer functionis G, = ‘_"_ 1 and the controller function according to|Eg. (6-23)
P
is
1.8+1 1
Gc=(pK): p (1+1 (E6-1)
p 1.8 Kyt 1,8

which is obviously a PI controller with K¢ = Tp/Kpte, and 1, = Tp. Note that the proportional gain
isinversely proportional to the process gain. Specification of a small system time constant 1 also
leads to alarge proportiona gain.

A reminder: the controller settings K and T, are governed by the process parameters and the system
response, which we choose. The one and only tuning parameter is the system response time
constant Tc.

0 Example 6.2: Derive the controller function for a system with a second order
overdamped process and system response as dictated by|EQ. (6-22)

K
The process transfer function is G, = (T, s+1) E)T s+1)
1 2

, and the controller function according to
Eq. (6-23) is

(T;s+1)(t,8+1) 1
G = K T

p ¢S

We may see that thisisaPID controller. Nevertheless, there are two ways to manipulate the
function. One is to expand the terms in the numerator and factor out (1, + T,) to obtain

P CRAY [1+ 11 +( ut, H (E6-2)
(T S

Ko Te 11 T1,) T,+1,




The proportional gain, integral time and derivative time constants are provided by the respective
terms in the transfer function. If you have trouble spotting them, they are summarized in[Table]

6.2

The second approach isto consider the controller function as a series-PID such that we write

_ U 1 .
G.= K1, (1+ 13) (1,5+1), with 1, > 1, (E6-3)

We can modify the derivative term to be the “real” derivative action as written in Egs. (59 and[b)
on page 5-7.

Based on experience that the derivative time constant should be smaller than the integral time
constant, we should pick the larger time constant as the integral time constant. Thus we select 1,

to be the integral time constant and T, the derivative time constant. In the limit 11 » T2, both
arrangements (E6-4 and[@) of the controller function are the same.

When dead time isinherent in aprocess, it is difficult to avoid dead time in the system. Thus
we define the system response as

c_¢e®
R 1stl (6-25)
where 0 is the dead time in the system. The controller function, vialEg. (6-20), is hence
05 05
G, = Gi e = Gi e (6-26)
pl(r s+1)-e ol +6)s

To arrive at the last term, we have used a simple Taylor expansion (e 95= 1 —8s) of the
exponential term. Thisis purposely done to simplify the algebra as shown in the next example.
(We could have used the Padé approximation in Eq. (6-26), but the result will not be the simple Pl
controller.)

0 Example 6.3: Derive the controller function for a system with a first order process with
dead time and system response as dictated by|Eq. (6-25),

K e—tdS
The process transfer functionis G, = ps+ 1 To apply [Eg. (6-26), we make an assumption
T
p
about the dead time, that 6 = tg. Theresult isa Pl controller:
T
Go=_ P (1+1 ) (E6-4)
KP (T c + 9) t PS

Even though this result is based on what we say is a process function, we could apply (E6-4) as if
the derivation is for the first order with dead time function Gpgc oObtained from an open-loop step

test.

Thisis aquestion that invariably arises: what is a reasonable choice of the system time
constant 1.? Various sources in the literature have different recommendations. For example, one



guideline suggests that we need to ensure 1. > 1.76 for a Pl controller, and 1, > 0.250 for aPID

controller. A reasonably conservative choice has been programmed into the M-file reciepe.m
available from our Web Support. The important reminder is that we should have a habit of
checking the Tt setting with time response simulation and tuning analysis.

In contrast to|Eq. (6-22)| we can dictate a second order underdamped system response:

9 = ;
R 12%2+21s+1 (627

where T and { are the system natural period and damping ratio yet to be determined. Substitution of

(6-27) in|Eq. (6-20) leadsto
G.= i #
c G, 1252 + 2015 (6-28)

which is a dlightly more complicated form than|(6-23). Again, with smplified cases, we can arrive
at PID type controllers.

O Example 6.4: Derive the controller function for a system with a second order
overdamped process but an underdamped system response as dictated by|Eg. (6-27)

Kp
PT(1,8+1) (r25+ 1’

The process transfer functionis G, = and the controller function according to

Eq. (6-28) is
_(rls+l)(rzs+l)
° Kus(ts+20)

We now define 1; = 1/2¢, and G, becomes

(T;8+ 1) (t1,5+1)
¢ 20K Ts(tys+1)

Suppose that T, is associated with the slower pole (1, > 14), we now require T; = T, such that the
pole and zero cancel each other. The result isa Pl controller:
(tys+1)
20K T S

With our definition of 1; and the requirement T; = T,, we can write T = 2{T,, and the final form of
the controller is

T

G.= m( +?)_K (1"'*) (E6-5)

The integral time constant is T, = 14, and the term multiplying the terms in the parentheses is the
proportional gain K. In this problem, the system damping ratio  is the only tuning parameter.

6.2.2 Pole-zero cancellation

We used the term “pole-zero cancellation” at the beginning of this section. We should say afew
more words to better appreciate the idea behind direct synthesis. Pole-zero cancellation isalso
referred to as cancellation compensation or dominant pole design. Of course, it is unlikely to



have perfect pole-zero cancellation in real life, and this discussion is more toward helping our
theoretical understanding.

Theideaisthat we may cancel the (undesirable open-loop) poles of our process and replace
them with a desirable closed-loop pole. Recall in[EQ. (6-20)| that G is sort of the reciprocal of Gp,
The zeros of G are by choice the poles of Gp. The product of G¢Gp cancels everything

out—hence the term pole-zero cancellation. To be redundant, we can rewrite the general design
equation as

Gpo=[ CR ]

1-CR (6-209)

That is, no matter what Gy is, we define G such that their product is dictated entirely by a
function (the RHS) in terms of our desired system response (C/R). For the specific closed-loop

response as dictated by|Eq. (6-22)} we can aso rewrite]Eq. (6-23)]as
1
C

GG, =
c 1.s

p

(6-234)

Since the system characteristic equation is 1 + G:Gp, = 0, our closed-loop poles are only
dependent on our design parameter T.. A closed-loop system designed on the basis of pole-zero
cancellation has drastically different behavior than a system without such cancellation.

Let'stry toillustrate using a system with a Pl controller and afirst order process function, and
the simplification that G, = G5 = 1. The closed-loop characteristic equation is

Sil =0 (6-29)
T

TS p

T,s5+1 K

1+GG, = 1+ K,
|
Under normal circumstances, we would pick a1, which we deem appropriate. Now if we pick 1, to
be identical to tp, the zero of the controller function cancels the pole of the process function. We
are |eft with only one open-loop pole at the origin. Eq. (6-29), when 1, = Tp, is reduced to
1+ % = 0' or s:_% .
1,8 T,

There is now only one real and negative closed-loop pole (presuming K¢ > 0). This situation is
exactly what direct synthesis leads usto.

Recall from that based on the chosen C/R in|Eq. (6-22)} the PI controller function

is
T|S+1 T,
G. = K, =

TIS KPTC

T,s+1 )
1,8

where 1) = Tp and K¢ = 1p/KpT¢. Substitution of K¢ one step back in the characteristic equation
will shows that the closed-loop pole isindeed at s = —1/tc. The product G¢Gp is also consistent

with|Eq. (6-23a) and 1.



6.2.3 Internal model control (IMC) |L

A more elegant approach than direct synthesis
isinternal model control (IMC). The premise of
IMC isthat in reality, we only have an Ry E—— P Y c
approximation of the actual process. Even if we
have the correct model, we may not have accurate
measurements of the process parameters. Thus the -] Gp 0
imperfect mode! should be factored as part of the c_¢
controller design.

In the block diagram implementing IMC (Fig. £
6.38), our conventional controller G consists of R 4 G, P G, c

the (theoretical) model controller G* and the - |
approximate function G,. Again, our objective is

limited. We use the analysisin very restrictive
and simplified casesto arrive at resultsin

to help us tune PID controllers asin
Fig. 6.3b.

Wefirst need to derive the closed-loop functions for the system. Based on the block diagram,
theerror is

Figure 6.3. A system with IMC (upper
panel) as compared with a conventional
system in the lower panel.

E=R-(C-C)

and the model controller output is
P=G.E=G".(R-C+C)

If we substitute C = ép P, we have
P=G*.(R-C+GP) (6-30)

from which we can rearrange to obtain

G*,
_ (R-0) (6-283)

P=_— ¢
1-G* .G,

The gist of this step is to show the relationship between the conventional controller function G
and the other functions:
G*.

= (6-31)
1-G*(G,

c

Thisis an equation that we will use to retrieve the corresponding PID controller gains. For now,
we subsgtitute Eq. (6-284) in an equation around the process,
x

G,G*¢
C=GL+GP=GL+—2 "¢ (R-C)
1-G*(G,

From this step, we derive the closed-loop eguation:

(6-32)

(1-G*.G)G,
1+G*.(G, -G

G,G*,
1+G* .G, -G)

The termsin the brackets are the two closed-loop transfer functions. As always, they have the
same denominator—the closed-loop characteristic polynomial.



Thereis still one unfinished business. We do not know how to choose G* . yet. Before we
make this decision, we may recall that in direct synthesis, the poles of G¢ are “inherited” from the
zeros of Gp,. If Gp has positive zeros, it will lead to a G function with positive poles. To avoid
that, we “split” the approximate function as a product of two parts:

G, = GG, (6-33)
with ép+ containing all the positive zeros, if present. The controller will be designed on the basis
of G, only. We now define the model controller function in away similar to direct synthesis: @

1

G*C = _—
GP—

1
TCS+1

, Wherer =1, 2, etc. (6-34)

Like direct synthesis, 1. is the closed-loop time constant and our only tuning parameter. The first
order function raised to an integer power of r is used to ensure that the controller is physically
redlizable.'d Again, we would violate this intention in our simple example just so that we can
obtain results that resemble an ideal PID controller.

0 Example 6.5: Repeat the derivation of a controller function for a system with a first order
process with dead time using IMC.

Say we model our process (read: fitting the open-loop step test data) as afirst order function with
time delay, and expecting experimental errors or uncertainties, our measured or approximate model

function G p is
—tys
~ _ Kye™

P +
7,8 1

We use the first order Padé approximation for the dead time and isol ate the positive zero term asiin
Eqg. (6-33):

~ K t -~
p= R (55+1) =G, Gy (E6-6)
(rps+ 1)(7s+ 1)
where
~ Y
Gp+ - (_ES+1)
If we chooser =1, Eq. (6-34) gives
t
(t,s+1) (éds+ H
G, = E6-

1 If the mode is perfect, Gp = (~3p, and Eq. (6-32) becomessimply C = G, G*¢R if we also set
L = 0. We choose C/R to be afirst order response with unity gain, and we'd arrive at a choice of
G* . very similar to the definition in (6-34).

2 Theliterature refers the term as afirst order filter. It only makes sense if you recall your linear
circuit analysis or if you wait until the chapter on frequency response analysis.



Substitution of [([E6-5)]and[(E6-6)]into[Eq. (6-31)], and after some algebraic work, will lead to the
tuning parameters of an ideal PID controller:

T
L zti+1 ¢ .
Ke= o 2 ;T =T o p = P (E6-8)
Kp T, p 2 Tp
2—+1 2—+1
ty ty

0 Example 5.7B: What would be the PID controller settings for the dye mixing problem if we
use IMC-based tuning relations?

With the same first order with dead time approximation in|[Example 5.7A| (p. 6-5), and the choice
of 1. being two-thirds the value of dead time, the IMC relations in (E6-8) provide the following

PID settings (as computed with our M-file recipe.m):
Ke T Tp

IMC 3.4 4.5 0.4

Compare this result using other tuning relations in|Example 5.7A. The IMC proportional gain
fallsin between the Cohen-Coon and ITAE settings, but the integral time constant is relatively

high. With less integrating action, we expect this IMC tuning to be less oscillatory. Indeed, we
shall seethat if we do|Example 5.7C|(or you can cheat and read the plotting result from our Web

Support).

O Example 5.7C: How do the different controller settings affect the system time response in
the dye mixing problem?

We can use the following MATLAB statements to do time response simulations (explanations are
in[MATLAB Session 5). Better yet, save them in an M-file. The plotting can be handled differently
to suit your personal taste. (Of course, you can use Simulink instead.)

al f a=0. 1; % Real PID

Ce=tf(ke*[taui *taud (taui +taud) 1],[al fa*taui*taud taui 0]);
t d=0. 725;

Qmtf([-td/2 1],[td/2 1]); %adé approxi mation for dead tine
Kn¥2. 6; 9bve Kminto the forward path

G=tf(0.8,[4 1]);
Ga=tf(0.6,[0.2 1]);
ol =f eedback( KM Gc*Ga* G, Q) ; % The cl osed-1 oop function

step(C&l) %P otting...

We reset the three controller parameters each time we execute the M-file. For example, to use the

Cohen-Coon results, we would take from|Example 5.7A;
kc=4.9; taui=2; taud=0.31;

MATLAB calculation details and plots can be found on our Web Support. Y ou should observe that
Cohen-Coon and Ziegler-Nichols tuning relations lead to roughly 74% and 64% overshoot,
respectively, which are more significant than what we expect with a quarter decay ratio criterion.



The ITAE, with about 14% overshoot, is more conservative. Ciancone and Marlin tuning relations
are ultra conservative; the system is slow and overdamped.

With the IMC tuning setting in Example 5.7B, the resulting time response plot is (very nicely)
dlightly underdamped even though the derivation in Example 6.4 predicates on a system response
without oscillations. Part of the reason lies in the approximation of the dead time function, and
part of the reason is due to how the system time constant was chosen. Generally, it is important to
double check our IMC settings with simulations.

At this point, one may be sufficiently confused with respect to all the different controller
tuning methods. Use[Table 6.3as a guide to review and compare different techniques this chapter
and also [Chapters 7 and[g]

Table 6.2. Summary of PID controller settings based on IMC or direct synthesis

Process model Controller Ke T Tp
Ko Pl Tp Tp —
T,5+1 KpTe
Kp PID T1t Ty T,+T, LELY
(T s+1)(@T,s+1) KpTe 1171
PID with T 18] 1)
T1> 1o KPTC
PI T T1 —

(underdamped) K, 2 1,

Kp PID 2t 21 7
o+ rrs+ ] K %
122+ 2lts+1 plec

K PD 1 — T

__p p
s(t,s+1) KpTe
K,etes Pl Tp Tp —
TpS+1 Kp(Tc+td)
PID 1 2ty T,+1y/2 T,
Kp 2t /t,+1 21ty +1
Kp ] 1 — —




0 Review Problems
K .
4. Repeat[Example 6.] when we have Gy = 5(7;1) . What is the offset of the system?
T
P

5. What are the limitations to IMC? Especially with respect to the choice of 15?

6. What control action increases the order of the system?

7. Refer back to[Example 6.4. If we have athird order process

G, = “
Po(1y5+1) (1,5+1) (T55+1)
what is the controller function if we follow the same strategy as in the example?

8. Complete the time response simulations in[Example 5.7C|using settings in|[Example 5.7A.

9. (Optional) How would you implement the PID agorithm in a computer program?

Hints:

1. Theresultisanidea PD controller with the choice of Tp = Tp. See that you can obtain the
same result with IMC too. Here, take the process function as the approximate model and it
has no parts that we need to consider as having positive zeros. Thereis no offset; the
integrating action is provided by Gp,.

2. Too small avaue of 1. meanstoo large a K¢ and therefore saturation. System responseis
subject to imperfect pole-zero cancellation.

3. Integrationis 1/s.

10. Theintermediate stepis

(T;8+ 1) (1,8+1) (135+1)

¢ 20K, Ts(T,5+1)

where T; = 1/2(, and now we require T; = T, presuming it is the largest time constant. The
final result, after also taking some of the ideas from Example 6.2, isanideal PID controller
with the form:

(t, +1,) 1,1

Gc:lzz 141 %+ 12

4K, (14 T, +7 T, +T,
The necessary choices of K, Tj, and Tp are obvious. Again,  isthe only tuning parameter.

5. See our Web Support for the simulations.

6. Usefinitedifference. Theideal PID in Eq. (5-8a) can be discretized as

Pn=p°+Kc

At o
+— + —(en—€n_
€n T kgl & At (€n—€n-1)

where p, is the controller output at the n-th sampling period, pSis the controller bias, At is
the sampling period, and g, isthe error. Thisis referred to as the position form algorithm. The

alternate approach is to compute the change in the controller output based on the difference
between two samplings:



Tp

+ E(en —2en_1+€n_2)

At
Apn=pn—pn-1=Kc|(€n—€n_1) + ?Ien
Thisisthe velocity form agorithm which is considered to be more attractive than the

position form. The summation of error is not computed explicitly and thus the velocity form
is not as susceptible to reset windup.



Table 6.3. Summary of methodsto select controller gains

Method

What to do?

What isevaluated?

Comments

O Transient responsecriteria
» Analytical derivation

O Empirical tuning with open-loop
step test

» Cohen-Coon
« Ziegler-Nichols
 Ciacone-Marlin

» Time integral performance criteria
(ISE, IAE, ITAE)

O Ziegler-Nichols Continuous
Cycling (empirical tuning with
closed loop test)

O Stability analysis methods
* Routh-Hurwitz criterion

* Direct substitution

Derive closed-loop damping ratio from a
second order system characteristic polynomial.
Relate the damping ratio to the proportional
gain of the system.

M easure open-loop step response, the so-called
process reaction curve. Fit data to first order
with dead-time function.

Apply empirical design relations.

Apply design relations derived from
minimization of an error integral of the
theoretical time-domain response.

Increase proportional gain of only a
proportional controller until system sustains
oscillation. Measure ultimate gain and ultimate
period. Apply empirical design relations.

Apply the Routh test on the closed-loop
characteristic polynomial to find if there are
closed-loop poles on the right-hand-plane.

Substitute s = jw in characteristic polynomial
and solve for closed-loop poles on Im-axis.
The Im and Re parts of the equation allow the
ultimate gain and ultimate frequency to be
solved.

Usually the proportional gain.

Proportional gain, integral and
derivative time constants to Pl and
PID controllers.

Proportional gain, integral and
derivative time constants to Pl and
PID controllers.

Proportional gain, integral and
derivative time constants of PID
controllers.

Establish limits on the controller gain.

Ultimate gain and ultimate period
(Py = 21vwy) that can be used in the
Ziegler-Nichols continuous cycling
relations.

* Limited to second order systems. No unique
answer other than a P-controller.

* Theoretically can use other transient response
criteria.

* 1/4 decay ratio provides a 50% overshoot.

* Cohen-Coon was designed to handle
disturbances by preventing alarge initia
deviation from the set point. The one-quarter
decay ratio response is generally too
underdamped for set point changes.

« Different settings for load and set point
changes.

« Different settings for different definitions of
the error integral.

» The minimum ITAE criterion provides the
least oscillatory response.

 Experimental analog of the s = jw substitution
calculation.

* Not necessarily feasible with chemical
systemsin practice.

* Tuning relations allow for choices from 1/4
decay ratio to little oscillations.

» Usualy appliesto relatively simple systems
with the focus on the proportiona gain.

* Need be careful on interpretation when the
lower limit on proportional gain is negative.

* Result on ultimate gain is consistent with the
Routh array analysis.
e Limited to relatively simple systems.



Summary (continued)
Method

What to do?

What is evaluated?

Comments

* Root-locus

0 (Model-based) Direct synthesis

« Internal model control

0 Freguency-domain methods

* Nyquist plot
* Bode plot

* Nichols chart

« Maximum closed-loop
log modulus

With each chosen value of proportional gain,
plot the closed-loop poles. Generate the loci
with either hand-sketching or computer.

For agiven system, synthesize the controller
function according to a specified closed-loop
response. The system time constant, T, isthe

only tuning parameter.

Extension of direct synthesis. Controller design
includes an internal approximation process
function.

Nyquist plot is afrequency parametric plot of
the magnitude and the argument of the open-
loop transfer function in polar coordinates.
Bode plot is magnitude vs. frequency and
phase angle vs. frequency plotted individually.
Nichols chart is afrequency parametric plot of
open-loop function magnitude vs. phase angle.
The closed-loop magnitude and phase angle
are overlaid as contours.

A plot of the magnitude vs. frequency of the
closed-loop transfer function.

Theloci of closed-loop poles reveal
the effect of controller gain on the
probable closed-1oop dynamic
response. Together with specifications
of damping ratio and time constant,
theloci can be abasis of selecting
proportional gain.

Proportional gain, integral and
derivative time constants where
appropriate.

For afirst order function with dead-
time, the proportional gain, integral
and derivative time constants of an
ideal PID controller.

Calculate proportional gain needed to
satisfy the gain or phase margin.

With gain or phase margin, calculate
proportional gain. Can aso estimate
the peak amplitude ratio, and assess
the degree of oscillation.

The peak amplitude ratio for a chosen
proportional gain.

* Rarely used in the final controller design
because of difficulty in handling dead-time.

* Method isinstructive and great pedagogical
toal.

» The design is not necessarily PID, but where
the structure of aPID controller results, this
method provides insight into the selection of
the controller mode (PI, PD, PID) and
settings.

* Especially useful with system that has no
dead time.

« Can handle dead-time easily and rigorously.

» The Nyquist criterion allows the use of open-
loop functions in Nyquist or Bode plotsto
analyze the closed-loop problem.

« The stability criteria have no use for simple
first and second order systems with no
positive open-loop zeros.

« These plots address the stability problem but
need other methods to reveal the probable
dynamic response.

« Nichols chart is usually constructed for unity
feedback loops only.
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[J 10. Multiloop Systems

10.1

There are many advanced strategiesin classical control systems. Only alimited selection of
examplesis presented in this chapter. We start with cascade control, which is a simple introduction
to amultiloop, but essentially SISO, system. We continue with feedforward and ratio control. The
idea behind ratio control is simple, and it applies quite well to the furnace problem that we use as
an illustration. Finally, we address a multiple-input multiple-output system using a simple
blending problem asillustration, and use the problem to look into issues of interaction and
decoupling. These techniques build on what we have learned in classical control theories.

What are we up to?

* Apply classical controller analysis to cascade control, feedforward control,
feedforward-feedback control, ratio control, and the Smith predictor for time delay
compensation.

« Analyze a MIMO system with relative gain array , and assess the pairing of
manipulated and controlled variables.

« Attempt to decouple and eliminate the interactions in a two-input two-output system.

Cascade control

A very common design

found in process / \ T Hot process stream

engineering is cascade

control. This is a strategy o g .
0 T
that allows us to handle | @ @

load changes more process
effectively with respect to stream
the manipulated variable. Furnace | @

Toillustrate the idea, we @
consider the temperature {i} —
control of agas furnace, Fuel gas
which is used to heat up a
cold process stream. The Figure 10.1. Cascade control of the temperature of a furnace,
fuel gasflow rateisthe which is taken to be the same as that of the outlet process
manipulated variable, and stream. The temperature controller does not actuate the
its flow is subject to regulating valve directly; it sends its signal to a secondary flow

fluctuations dueto upstream  rate control loop which in turn ensures that the desired fuel gas
pressure variations.

In asimple single-loop system, we measure the outlet temperature, and the temperature
controller (TC) sendsits signal to the regulating valve. If there is fluctuation in the fuel gas flow
rate, this simple system will not counter the disturbance until the controller senses that the
temperature of the furnace has deviated from the set point (T).

A cascade control system can be designed to handle fuel gas disturbance more effectively (Fig.
10.1). In this case, a secondary loop (also called the slave loop) is used to adjust the regulating
valve and thus manipulate the fuel gas flow rate. The temperature controller (the master or primary
controller) sendsits signal, in terms of the desired flow rate, to the secondary flow control
loop—in essence, the signal is the set point of the secondary flow controller (FC).

In the secondary 1oop, the flow controller compares the desired fuel gas flow rate with the
mesasured flow rate from the flow transducer (FT), and adjusts the regulating valve accordingly.
Thisinner flow control loop can respond immediately to fluctuations in the fuel gas flow to ensure
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amount of fuel is fluctuation
ddivered.

To be
effective, the
secondary loop - Ge Ge,H Gv Gy
must have a Process stream
temperature

that the proper } L Upstream pressure

G

Py

m
°

@
N
+
o)

C

—

faster response Fuel gas flow
time (smaller —

time constant)
than the outer
loop. Generaly,
we use as high a proportional

gain asfeasible. In control 4 L

Figure 10.2a. Block diagram of a simple cascade control system with
reference to the furnace problem.

jargon, we say that the inner loop
istuned very tightly.

We can use ablock diagram
to describe[Fig. 10.1] Cascade R E N c
control adds an inner control loop — G. H G* G —
with secondary controller -
function G, (Fig. 10.2a8). This —
implementation of cascade
control requires two controllers
and two messured variables (fuel
gas flow and furnace temperature). The furnace temperature is the controlled variable, and the fuel
gas flow rate remains the only manipulated variable.

Figure 10.2b. Reduced block diagram of a cascade
control system.

For cleaner algebra, we omit the measurement transfer functions, taking Gy, = Gy, = 1.

Disturbance, such as upstream pressure, which specifically leads to changesin the fuel gas flow
rate is now drawn to be part of the secondary flow control loop. (A disturbance such as changein
the process stream inlet temperature, which is not part of the secondary loop, would still be drawn
inits usual location asin Section 5.2 on page 5-7.)

We now reduce the block diagram. The first step isto close the inner loop so the system
becomes a standard feedback loop (Fig. 10.2b). With hindsight, the result should be intuitively
obvious. For now, we take the slow route. Using the lower case letter locations in Fig. 10.2a, we
write down the algebraic equations

&=p—a

a= Gchvez + GLL
Substitution of e, leads to
a=GGy(p—a) + GL

and the result after rearrangement is aform that allows us to draw Fig. 10.2b:

a=| 2o Joi], G |iL-glpeoiL
1+G,6,|PT|1+G. G, vPrL
2 2
where
« _| G¢,Gy .| 6,
G =13 & GCZGV] and G =|15c 5 GCZGV] (10-2)
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The remaining task to derive the closed-loop transfer functionsis routine. Again, slowly, we can
write the relation in Fig. 10.2b as

C= G*LGp L+ GcG*VGp E

and substituting E = R — C, we have, after rearrangement,

|ess e w3
The closed-loop characteristic polynomial of this cascade systemis
1+G.G,G,=0 (10-3)
If we now substitute G*,, from (10-1), the characteristic polynomial takes the form 1
1+G.,G, +G.G,G,G,=0 (10-39)

So far, we know that the secondary loop helps to reduce disturbance in the manipulated
variable. If we design the control loop properly, we should a so accomplish a faster responsein the
actuating element: the regulating valve. To go one step further, cascade control can even help to
make the entire system more stable. These points may not be intuitive. We'll use asimple
exampleto illustrate these features.

O Example 10.1: Consider a simple cascade system as shown in Fig. 10.2a with a Pl
controller in the primary loop, and a proportional controller in the slave loop. For simplicity,
consider first order functions

- 08 — 05 - 0.75
GP_Zs+1’G s+1’andG s+1°

(@ How can proper choice of K, of the controller in the slave loop help to improve the actuator

performance and eliminate disturbance in the manipulated variable (e.g., fuel gasflow in the
furnace temperature control)?

If we substitute G, = K, and G, = 12711 into G*y in Eq. (10-1), we should find
\
G, = Koy -_K, E10-1
(T S+1)+K v _-[:‘/s+1’ ( )
where
K, = R e [ (E10-2)
T+K K, VIITHK K|
_— N K.
Similarly, substituting G, = T, s+ Ts+1 in G*_ should give
K=K E10-3
LT TR K, | (E10-3)
2

Thus as the proportiona gain K, becomes larger, K*\, approaches unity gain, meaning there

1 If we remove the secondary loop, this characteristic equation should reduce to that of a
conventional feedback system equation. It is not obvious from (10-3) because our derivation has
taken the measurement function G,,, to be unity. If we had included G, in amore detailed

analysis, we could get the single loop result by setting G, = 1 and G,,, = 0.
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is amore effective change in the manipulated variable, and K*, approaches zero, meaning the

manipulated variable is becoming less sensitive to changes in the load. Furthermore, the
effective actuator time constant 1, will become smaller, meaning a faster response.

The dlave loop affords us a faster response with respect to the actuator. What is the
proportional gain K, if we want the slave loop time constant T*y, to be only one-tenth of the

original time constant 1y in G,?

From the problem statement, Ky, =0.5and 1y =1s. Thust*,, = 0.1 s, and substitution of
these valuesin t* of (E10-2) gives

— 1 —
0.1— TSP(CZ ) or KC2 - 18
The steady state gain is
K* = (18) (0.5 _ 0.9

v = 1+(18) (0.5)

The slave loop will have a 10% offset with respect to desired set point changes in the
secondary controller.

So far, we have only used proportional control in the slave loop. We certainly expect offset in
thisinner loop. Why do we stay with proportional control here?

The modest 10% offset that we have in the slave loop is acceptable under most circumstances.
Aslong as we have integral action in the outer loop, the primary controller can make
necessary adjustments in its output and ensure that there is no steady state error in the
controlled variable (e.g., the furnace temperature).

Now, we tackle the entire closed-loop system with the primary Pl controller. Our task hereis
to choose the proper integral time constant among the given values of 0.05, 0.5, and 5 s. We
can tolerate underdamped response but absolutely not a system that can become unstable. Of
course, we want a system response that is as fast as we can make it, i.e., with a proper choice
of proportional gain. Select and explain your choice of the integral time constant.

Among other methods, root locus is the most instructive in this case. With a Pl primary
controller and numerical values, Eq. (10-3) becomes

1+KC(T'$.J;1) (0¥ ) (2381)=0

With MATLAB, we can easily prepare the root locus plots of this equation for the cases of
T, =0.05, 0.5, and 5 s. (You should do it yourself. We'll show only a rough sketch in Fig

E10.1. Help can be found in the Review Problems.)

From the root locus plots, it is clear that the system may become unstable when 1, = 0.05 s.
The system is always stable when 1, = 5 s, but the speed of the system response is limited by
the dominant pole between the origin and —0.2. The proper choiceis T, = 0.5 sin which case
the system is always stable but the closed-loop poles can move farther, loosely speaking,
away from the origin.
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T,=0.05s T,=05s T,=5s

—© X FR X X X O—xX—
Open-loop poles Open-loop poles Open-loop poles
at 0, -0.5, -10; at 0, -0.5, -10; at 0, -0.5, -10;
zero at —20 zero at —2 zero at —0.2

Figure E10.1

(e) Take the case without cascade control, and using the integral time constant that you have
selected in part (d), determine the range of proportional gain that we can use (without the
cascade controller and secondary loop) to maintain a stable system. How isthis different from
when we use cascade control ?

With the choice of 1, = 0.5 s, but without the inner loop nor the secondary controller, the
closed-loop equation is

1+GeG, Gy =1+ K033 H) (531 (29%1) =0

which can be expanded to
3 +1582 + (05 +0.2Ke) s+ 04Ke =0

With the Routh-Hurwitz analysis in Chapter 7, we should find that to have a stable system,
we must keep K¢ < 7.5. (You fill in the intermediate steps in the Review Problems. Other

techniques such as root locus, direct substitution or frequency response in Chapter 8 should
arrive at the same resullt.)

With cascade control, we know from part (d) that the system is always stable. Nevertheless,
we can write the closed-loop characteristic equation

1+Ke(933%L) (0 1) (2231) =0

or
013+ 1.055%+ (0.5 + 0.36K¢) s+ 0.72Kc =0

A Routh-Hurwitz analysis can confirm that. The key point is that with cascade control, the
system becomes more stable and allows us to use alarger proportional gain in the primary
controller. The main reason is the much faster response (smaller time constant) of the actuator
in the inner loop.2

2 |If you are skeptical of this statement, try do the Bode plots of the systems with and without
cascade control and think about the consequence of changing the break frequency (or bandwidth) of
the valve function. If you do not pick up the hint, the answer can be found on our Web Support on

the details of Example 10.1.
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10.2 Feedforward control

To counter probable disturbances, we can take an even more proactive approach than cascade
control, and use feedforward control. Theideaisthat if we can make measurements of disturbance
changes, we can use this information and our knowledge of the process model to make proper
adjustments in the manipulated variable before the disturbance has a chance to affect the controlled
variable.

We will continue with the gas furnace to illustrate feedforward control. For simplicity, let's
make the assumption that changes in the furnace temperature (T) can be effected by changes in the
fuedl gasflow rate (F,g) and the cold process stream flow rate (F). Other variables such asthe

process stream temperature are constant.

In Section 10.1, the fuel gas flow rate is the manipulated variable (M) and cascade control is
used to handle its fluctuations. Now, we consider also changesin the cold process stream flow rate
as another disturbance (L). Let's presume further that we have derived diligently from heat and
mass balances the corresponding transfer functions, G and Gp, and we have the process model

C=G.L +GpM (10-4)

where we have used the general notation C as the controlled variable in place of furnace
temperature T.

We want the controlled variable to track set point changes (R) precisely, so we substitute the
ideal scenario C = R, and rearrange Eq. (10-4) to
1 G
M==—R-=—1L (10-5)
Gp ~ Gp
This equation provides us with a model-based rule as to how the manipulated variable should be
adjusted when we either change the set point or face with a change in the load variable. Eg. (10-5)
isthe basis of what we call dynamic feedforward control because (10-4) has to be derived from a
time-domain differential equation (atransient model). 3

In Eq. (10-5), UGy is the set point tracking controller. Thisis what we need if we install only

afeedforward controller, which in reality, we seldom do.# Under most circumstances, the change in
set point is handled by a feedback control loop, and we only need to implement the second term of
(10-5). The transfer function -G, /Gy, is the feedforward controller (or the disturbance rejection

controller). In terms of disturbance rejection, we may also see how the feedforward controller arises
if we command C =0 (i.e., no change), and write (10-4) as

OZGLL +GpM

To see how we implement a feedforward controller, we now turn to ablock diagram (Fig.
10.3). > For the moment, we omit the feedback path from our general picture. With the

3 In contrast, we could have done the derivation using steady state models. In such a case, we
would arrive at the design equation for a steady state feedforward controller. Well skip this

analysis. Aswill be shown later, we can identify this steady state part from the dynamic approach.

4 The set point tracking controller not only becomes redundant as soon as we add feedback
control, but it also unnecessarily ties the feedforward controller into the closed-loop characteristic
equation.

5 If thetransfer functions G, and Gp are based on asimple process model, we know quite well
that they should have the same characteristic polynomial. Thus the term -G, /Gy, is nothing but a
ratio of the steady state gains, K /Kp.
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expectation that we'll introduce a feedback 1oop, we will not implement the set point tracking term
in Eq. (10-5). Implementation of feedforword control requires measurement of the load variable.

'L
G

I mL -

Figure 10.3. A feedforward control system on a major load
variable with measurement function Gy,_and feedforward

controller Ggg.

If there is more than one |oad variable, we theoretically could implement a feedforward
controller on each one. However, that may not be good engineering. Unless there is a compelling
reason, we should select the variable that either undergoes the most severe fluctuation or has the
strongest impact on the controlled variable.

Here, we use L to denote the major load variable and its corresponding transfer functionis G, .
We measure the load variable with a sensor, Gy, , which transmits its signal to the feedforward
controller Ger. The feedforward controller then sends its decision to manipulate the actuating
element, or valve, Gy. Intheblock diagram, the actuator transfer function is denoted by G*\,.. The
ideais that cascade control may be implemented with the actuator, Gy, as we have derived in Eq.
(10-1). We simply use G*y, to reduce clutter in the diagram.

With the feedforward and load path shown, the corresponding algebraic representation is
C=[GL + Gn.GrG*\Gp] L (10-6)

The ideal feedforward controller should alow us to make proper adjustment in the actuator to
achieve perfect rejection of load changes. To have C = 0, the theoretical feedforward controller
function is

Gee = _ & 10-
FF — _GmLG*VGp ( 7)

which isa dlightly more complete version of what we have derived in Eq. (10-5).

Before we blindly try to program Eqg. (10-7) into a computer, we need to recognize certain
pitfals. If we write out the transfer functionsin (10-7), we should find that G.¢ is not physically

realizable—the polynomial in the numerator has a higher order than the one in the denominator.®

If we approximate the composite function G, G*,G,, as afirst order function with dead time,
Ke™®s/(ts+1), Eq. (10-7) would appear as

6 If we go by the book, G, and Gp are the transfer functions to a process and their dynamic terms
(characterigtic polynomial) in Eq. (10-7) must cancel out. The feedforward transfer function would
be reduced to something that looks like (—K /Ky K* Kp) (T s+1)(1*s+1) while the denominator
isjust 1.

In the simplest scenario where the responses of the transmitter and the valve are extremely fast

such that we can ignore their dynamics, the feedforward function consists of only the steady state
gainsasin Eq. (10-9).
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G = _ KL 1stl
FET 7 K ogpstl

Now the dead time appears as a positive exponent or an advance in time. We cannot foresee future

and thisideais not probable either.”

The consequence is that most simple implementation of afeedforward controller, especially
with off-the-shelf hardware, is alead-lag element with again:

_ TrLpStl
Grr = Krr TroStl (10-8)
Based on Eq. (10-7), the gain of this feedforward controller is
Kee = K (10-9)
FF — KmLK*VKp

Thisis the steady state compensator. The lead-lag element with lead time constant 1 p and lag
time constant 1g, ¢ isthe dynamic compensator. Any dead time in the transfer functionsin (10-7)
is omitted in this implementation.

When we tune the feedforward controller, we may take, as afirst approximation, Tg p asthe
sum of the time constants t,,, and t*,. Analogous to the "real" derivative control function, we can
choose the lag time constant to be a tenth smaller, 1 ¢ = 0.1 T p. If the dynamics of the
measurement device is extremely fast, G, = K, , and if we have cascade control, the time constant
T*, isaso small, and we may not need the lead-lag element in the feedforward controller. Just the
use of the steady state compensator K may suffice. In any event, the feedforward controller must
be tuned with computer simulations, and subsequently, field tests.

7 If theload transfer function in Eq. (10-7) had also been approximated as afirst order function
with dead time, say, of the form K e'd%/(t,s+1), the feedforward controller would appear as

KL 1st+1

— —_— (td — ©)s
K T8+l o ’

Grr =

Now, if ty > 6, it is possible for the feedforward controller to incorporate dead time compensation.

The situation where we may find the load function dead timeislarger than that in the
feedforward path of G,,G*,G;, is not obvious from our simplified block diagram. Such a

circumstance arises when we deal with more complex processing equipment consisting of several
units (i.e., multicapacity process) and the disturbance enters farther upstream than where the

controlled and manipulated variables are located.
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10.3

Feedforward-feedback control

@)

Since we do not have the precise model function Gp embedded in the feedforward controller
function in Eq. (10-8), we cannot expect perfect rejection of disturbances. In fact, feedforward
control is never used by itself; it isimplemented in conjunction with a feedback loop to provide
the so-called feedback trim (Fig. 10.4Q). The feedback loop handles (1) measurement errors, (2)
errorsin the feedforward function, (3) changesin unmeasured load variables, such asthe inlet
process stream temperature in the furnace that one single feedforward loop cannot handle, and of
coursg, (4) set point changes.

L L
o (®)
— bm 1 GmL

Crr G Grp GV G G

L
+ M + C
Gc "i— Gy — Gp "g— —o— -Di-'- Dé-'-

Yo

>-O——- —T G cGY Gp
_ + +
Gnm - Gm ————

Figure 10.4. (a) A feedforward-feedback control system. (b) The diagram after moving G*,G,,.

Our next task isto find the closed-loop transfer functions of this feedforward-feedback system.
Among other methods, we should see that we can "move" the G*,Gp term as shown in Fig.

10.4b. (Y ou can double check with algebra.) After this step, the rest is routine. We can almost
write down the final result immediately. Anyway, we should see that

C =[G + G GreG*\ Gyl L + [GG*\G,] E

E=R-G,C
After substitution for E and rearrangement, we arrive at

_GL+GmGrG Gy | GGNG
"1+ GGG G, 1+ G,G.G*.G,

(10-10)

If we do not have cascade control, G*, issimply G,. If we are using cascade control, we can
substitute for G*,, with Eq. (10-1), but we'll skip this messy algebraic step. The key point is that
the closed-loop characteristic polynomial is

1+ GpGG*,G,=0 (10-11)

and the feedforward controller G- does not affect the system stability.

0 Example 10.2: Consider the temperature control of a gas furnace used in heating a process
stream. The probable disturbances are in the process stream temperature and flow rate, and the fuel
gas flow rate. Draw the schematic diagram of the furnace temperature control system, and show
how feedforward, feedback and cascade controls can al be implemented together to handle load
changes.

Thedesign in Fig. E10.2 is based on our discussion of cascade control. The fuel gasflow is
the manipulated variable, and so we handle disturbance in the fuel gas flow with aflow controller
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(FC) in adlave loop. This secondary loop remains the same as the G*,, function in (10-1), where
the secondary transfer function is denoted by Ge,.

Of the other two load variables, we choose the process stream flow rate as the major
disturbance. The flow transducer sends the signal to the feedforward controller (FFC, transfer
function Ggg). A summer () combines the signals from both the feedforward and the feedback

controllers, and its output becomes the set point for the secondary fuel gas flow rate controller

(FC).
Temperature / l\ T Hot process stream

@ ‘ -
Process E TS
P

stream

Flow rate Furnace

@
AR
{>|<} —~

Fuel gas

Figure E10.2

Handling of disturbancein theinlet process stream temperature is passive. Any changesin
thisload variable will affect the furnace temperature. The change in furnace temperature is
measured by the outlet temperature transducer (TT) and sent to the feedback temperature controller
(TC). The primary controller then acts accordingly to reduce the deviation in the furnace
temperature.

10.4 Ratio control

We are not entirely finished with the furnace. There
is one more piece missing from the whole :
picture—the air flow rate. We need to ensure _‘_e”te””g furnace, Fq -
sufficient air flow for efficient combustion. The
regulation of air flow is particularly important in @7 Ratio station
the reduction of air pollutant emission.
To regulate the air flow rate with respect to the @
fuel gas flow rate, we can use ratio control. Fig.
10.5 illustrates one of the simplest . @
implementations of this strategy. Let's say the air Air flow, Fa

to fuel gas flow rates must be kept at some
constant ratio

Fuel gas flow

——

Figure 10.5. Simple ratio control of air

Fa flow rate.

R =
Fre

\J.U'J.L}

What we can do easily isto measure the fuel gas flow rate, multiply the value by R in the so-
called ratio station, and send the signal as the set point to the air flow controller. The calculation
can be based on actual flow rates rather than deviation variables.
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10.5

A more sophisticated
implementation is full metering
control (Fig. 10.6). In this case, we
send the signals from the fuel gas
controller (FC in the fuel gasloop) and
the air flow transmitter (FT) to the
ratio controller (RC), which takes the
desired flow ratio (R) as the set point.
This controller calculates the proper air
flow rate, which in turn becomes the
set point to the air flow controller (FC
inthe air flow loop). If we take away
the secondary flow control loops on
both the fuel gasand air flow rates,
what we haveis called parallel
positioning control. In this simpler
case, of course, the performance of the
furnace is subject to fluctuations in
fuel and air supply lines.

We are skipping the equations and

To furnace

From the feedforward-feedback

loops

Fuel gas @ @ R
To furnace 7 @
—— ——

Air flow, Fa

Figure 10.6. Full metering ratio control of fuel and
air flows.

details since the air flow regulation should not affect the stability and system analysis of the fuel
gas controller, and ratio control is best implemented with Simulink in simulation and design

projects.

Time delay compensation—the Smith predictor

There are different schemesto handle systems
with alarge dead time. One of them isthe
Smith predictor. It is not the most effective
technique, but it provides a good thought
process.

Consider a unit feedback system with a
time delay in its process function (Fig. 10.7).
The characteristic polynomia is

1+G,(9 G(9 e =0 (10-13)
We know from frequency response analysis
that time lag introduces extra phase lag,
reduces the gain margin and is a significant
source of instability. Thisis mainly because
the feedback information is outdated.

If we have a model for the process, i.e.,
we know G(s) and tg, we can predict what

may happen and feedback this estimation. The
way the dead time compensator (or predictor)

R +

Ge(s) —=—1G(s)e™ S

-

Figure 10.7. System with inherent dead time.

Deadtime Compensator

G(s)[1 - e~ 4] }

R.|-E

Gc(S)f—+

G(s)e” l4s

Figure 10.8. Implementation of the Smith
predictor.

iswritten (Fig. 10.8), we can interpret the transfer function as follows. Assuming that we know
the process model, we feedback the "output" calculation based on this model. We also haveto
subtract out the "actual” calculated time delayed output information.

Now the error E aso includes the feedback information from the dead time compensator:
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E=R-Y-E[G.G(1-€ 49,
and substituting
Y=G,Ge "°E
we have
E=R-E[G,Ge "*+G,G(1-e "4
where the exponential terms cancel out and we are |eft with simply
E=R-EG,G (10-14)

Thetime delay effect is canceled out, and this equation at the summing point is equivaent to a
system without dead time (where the forward path is C = G:GE). With simple block diagram
algebra, we can also show that the closed-loop characteristic polynomial with the Smith predictor
is simply

1+GG=0 (10-15)

Thetime delay isremoved. With the delay
compensator included, we can now use alarger
proportional gain without going unstable. Going
back to the fact that the feedback information is
GcGR, we can also interpret the compensator effect —
asin Fig. 10.9. The Smith predictor is essentially

making use of state feedback as opposed to output ) _ )
feedback. Figure 10.9. An interpretation of the

compensator effect.

R+

Just like feedforward control (or any other model-
based contral), we only have perfect compensation if
we know the precise process model. Otherwise, the effectiveness of the compensator (or predictor)
isdiminished. Assume that we have an imperfect model approximation H(s) and dead time
estimation 6 (H # G and 0 #tg), the feedback information is now

Y+ [H (1_8_95)] G.R

[GCG e 4%+ G_H (1_6_95)] R

G, [G g 'S4y (1—e‘es)] R

where the right hand side becomes GcGR if and only if H = G and 6 = t4. Note that the time delay

term is an exponential function. Error in the estimation of the dead time is more detrimental than
error in the estimation of the process function G.

Since few things are exact in this world, we most likely have errors in the estimation of the
process and the dead time. So we only have partial dead time compensation and we must be
conservative in picking controller gains based on the characteristic polynomia 1 + GG = 0.

In achemica plant, time delay is usually aresult of transport lag in pipe flow. If the flow rate
isfairly constant, the use of the Smith predictor is acceptable. If the flow rate varies for whatever
reasons, this compensation method will not be effective.
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10.6

Multiple-input Multiple-output Control

In this section, we analyze a multiple
input-multiple output (MIMO) system.
There are valuable insights that can be my @
gained from using the classical transfer
function approach. One decision that we

need to appreciate is the proper pairing of :i} @
mpz

F X

manipulated and controlled variables. To
do that, we also need to know how strong
the interaction is among different
variables.

oy ooy

Figure 10.10. A blending system with
manipulated and controlled variable pairings yet to

The key points will beillustrated with ~ be determined.

ablending process. Here, we mix two
streams with mass flow rates m; and ms,, and both the total flow rate F and the composition x of a

solute A are to be controlled (Fig. 10.10). With simple intuition, we know changes in both m;
and m, will affect F and x. We can describe the relations with the block diagram in Fig. 10.11,
where interactions are represented by the two, yet to be derived, transfer functions G;, and G,;.

el
M, + Cp=x Ri | _ My 1
G ++ - iy Ge, Gu1 ++ =
G G12
— G — G2
M, L C,=F R2 4 * c,
Gzz + = o _ GCZ Mz G22 + o
—l

Figure 10.11. Block diagram of an interacting Figure 10.12. Block diagram of a 2 x 2 servo
2 x 2 process, with the output x and F referring system. The pairing of the manipulated and
to the blending problem. controlled variables is not necessarily the same

as shown in Fig. 10.11.

Given Fig. 10.11 and classical control theory, we can infer the structure of the control system,
which is shownin Fig. 10.12. That is, we use two controllers and two feedback loops, where for
simplicity, the measurement and actuator functions have been omitted.

Simple reasoning can illustrate now interactions may arise in Fig. 10.12. If a disturbance (not
shown in diagram) moves C, away from its reference R,, the controller GCl will response to the
error and alter M4 accordingly. The change in M4, however, will aso affect C, viaG,,. Hence C,
isforced to change and deviate from R,. Now the second controller G, kicksin and adjusts M,

which in turn also affects C,; via Gy».

With this scenario, the system may eventually settle, but it is just as likely that the system in
Fig. 10.12 will spiral out of control. It is clear that loop interactions can destabilize a control
system, and tuning controllersin aMIMO system can be difficult. One logical thing that we can
do isto reduce loop interactions by proper pairing of manipulated and controlled variables. Thisis
the focus of the analysis in the following sections.
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[0 10.6.1 MIMO Transfer functions

We now derive the transfer functions of the MIMO system. This sets the stage for more detailed
analysis that follows. The transfer functionsin Fig. 10.11 depend on the process that we have to
control, and we' Il derive them in the next section for the blending process. Here, we consider a
general system as shown in Fig.10.12.

With the understanding that the errors are E; = R; — C4, and E, = R, — C, in Fig. 10.12, we
can writeimmediately,

M; = G, (R; — Cy) (10-16)
My = G, (Ry—Cy) (10-17)

The process (also in Fig. 10.11) can be written as
Ci=G M1 +Gp M, (10-18)
Cy =Gy M1+ Gy M, (10-19)
Substitute for M4 and M, using (10-16, 17), and factor C, and C, to the left, Egs. (10-18) and (10-
19) becomes

(1+Gy3Ge,) Cy + G1p G, Cy = Gp3Gg, Ry + Gy G, Ry (10-20)
GG, Cp + (1+ GG Cp = GyyGe, Ry + Gy G, Ry (10-21)

Making use of Kramer’s rule, we should identify (derive!) the system characteristic equation:

P(9) = (1+GyG) (1+ GGy + Gyp Gy G Gy, =0 (10-22)

which, of course, iswhat governs the dynamics and stability of the system. We may recognize that
when either G;, = 0 or G, = 0, the interaction term is zero.8 In either case, the system

characteristics analysis can be reduced to those of two single loop systems:

1+Gp G, =0, and 1+ GG, =0

Now back to finding the transfer functions with interaction. To make the algebra appear a bit
cleaner, we consider the following two cases. When R, = 0, we can derive from Eq. (10-20) and

(10-21),
C; _ GuGe, + G Ge, (G116 — G12G,)

1 (10-23)
Ry p(s)
And when R; = 0, we can find
C, _ GG, (10-24)
Rz P9

8  When both G,, = G, = 0, the system is decoupled and behaves identically to two single loops.
When either G, = 0 or G, = 0, the situation is referred to as one-way interaction, which is

sufficient to eliminate recursive interactions between the two loops. In such a case, one of the
loopsis not affected by the second while it becomes a source of disturbance to this second loop.
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If both references change simultaneously, we just need to add their effectsin (10-23) and (10-24)
together. (What about C,? You'll get to try that in the Review Problems.)

It is apparent from Eqg. (10-22) that with interaction, the controller design of the MIMO system
is different from a SISO system. One logica question is under what circumstances may we make
use of SISO designs as an approximation? Or in other words, can we tell if the interaction may be
weak? This takes us to the next two sections.

[l 10.6.2 Process gain matrix

We come back to derive the process transfer functions for the blending problem.® The total mass
flow balanceis

F=m;+m, (10-25)

where F isthe total flow rate after blending, and m, and m, are the two inlet flows that we
manipulate. The mass balance for a solute A (without using the subscript A explicitly) is
XF = x1mq + Xom, (10-20)

where x is the mass fraction of A after blending, and x; and x,, are the mass fractions of Ain the
two inlet streams. We want to find the transfer functions as shown in Fig. 10.11:

_[G11(s) G1a(9) || My(9)
G1(S) G(9) || Mo(S)

We take stream m, to be pure solute A, and stream m, to be pure solvent. In this scenario, x; = 1
and X, = 0, and Eq.. (10-26) is simplified to

X(9)

m_ m

X=F T mem,

(10-28)

Since x; and m; are functions of time, we need to linearize (10-26). A first order Taylor expansion
of x is
m, m; my
x=(—)+7 (m-m;J—|——| (my—m
Fls [(m1+m2)2L 1= M9 [(ml+m2)2}S 2= M2

where the subscript s of the brackets denotes terms evaluated at steady state. The first term on the
right isreally the value of x at steady state, X5, which can be moved to the left hand side to make

the deviation variable in x. With that, we take the Laplace transform to obtain the transfer
functions of the deviation variables:

X(9) = G11(9M(s) + G15(5)M(9) (10-29)
where

_ m, _ _ my -
Gy(s) = [WL—KH ,and Gyp(s) = —[WL— Kz (10-30)

9 Sincethe point is to illustrate the analysis of interactions, we are using only steady state
balances and it should not be a surprise that the transfer functions end up being only steady state
gainsin Eq. (10-32). For ageneral dynamic problem where have to work with the transfer
functions G; j(s), we can gtill apply the results here by making use of the steady state gains of the

transfer functions.
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The transfer functions are constants and hence we denote them with the gains K4 and K. If the
solvent flow rate m, increases, the solute will be diluted. Hence, K4, is negative.

The functions G, and G,, are much easier. From Eq. (10-25), we can see immediately that
G21(S) = KZl = 1, and G22(S) = K22 =1 (10‘31)

Thus, in this problem, the process transfer function matrix Eq. (10-27) can be written in terms of
the steady state gain matrix:

el heved ] w02
In more general terms, we replace the LHS of (10-32) with a controlled variable vector:

C(s) =K M(9) (10-33)
where C = [X F]T. If thereis a policy such that the manipulated variables can regulate the
controlled variables, we must be able to find an inverse of the gain matrix such that

M(s) = K-1C(s) (10-34)

Example 10.3. If m; = 0.1 g/s, m, = 10 g/s, What is the process gain matrix? What are the
interpretations?

Making use of (10-30), we can calculate K;; = 9.8 x 1072, and K;, = -9.8 x 102, With (10-31),
the process gain matrix is

_|98x107% —~9.8x10™*

K
1 1

Under circumstances of the particular set of numbers given, changing either m; or m, hasa

stronger effect on the total flow rate F than x. With respect to the composition X, changing the
solute flow my has a much stronger effect than changing the solvent flow. The situation resembles

very much a one-way interaction.

We may question other obvious scenarios of the process gain matrix. The sweetest isan
identity matrix, meaning no interaction among the manipulated and controlled variables. A quick
summary of several simple possibilities;10

K= é 2 No interaction. Controller design is like single-loop systems.

K= % ? Strong interaction if & is closeto 1; weak interaction if & « 1.
_[11] [10 ; ;

K= 01] ,[1 1] One-way interaction

10 Thereis moreto “looking” at K. We can, for example, make use of its singular value and
condition number, which should be deferred to a second coursein control.
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[l 10.6.3 Relative gain array

Y ou may not find observing the process gain matrix satisfactory. That takes us to the relative
gain array (RGA), which can provide for amore quantitative assessment of the effect of changing
amanipulated variable on different controlled variables. We start with the blending problem before
coming back to the general definition.

For the blending process, the relative gain parameter of the effect of m; on x is defined as

ax /am1|m2

X, my ~

T m, (10-35)
Ox /omy |_

Itistheratio of the partial derivative evaluated under two different circumstances. On top, we ook
at the effect of m; while holding m, constant. The calcul ation represents an open-loop experiment

and the value is referred to as an open-loop gain. In the denominator, the total flow rate, the other
controlled variable, is held constant. Since we are varying (in theory) my, F can only be constant if

we have a closed-loop with perfect control involving m,. The partial derivative in the denominator
isreferred to as some closed-loop gain.

How do we interpret the relative gain? The ideais that if m, does not interfere with mq, the
derivative in the denominator should not be affected by the closed-loop involving m,, and its value

should be the same as the open-loop value in the numerator. In other words, if thereis no
interaction, Ax m; = 1.

Example 10.4. Evaluate the relative gain array matrix for the blending problem.

The complete relative gain array matrix for the 2 x 2 blending problem is defined as

_ Ax,my Axm, (E10-4)
Ak my AEm,
For the first element, we use (10-28) to find
ox _ m, X 1 1
om;|  (my+my)?" ad S| TETmm,
Llm, L 1iF
Hence, with the definition in (10-35),
A, = i =1-X (E105)

xmiT m;+m,

Proceed to find the other three elements (see Review Problems) and we have the RGA for the
blending problem:

1-x X

N=
X 1-x

(E10-6)

There are several notable and general points regarding this problem, i.e., without proving them
formally here. The sum of all the entriesin each row and each column of the relative gain array A
is 1. Thusin the case of a2 x 2 problem, all we need is to evaluate one element. Furthermore, the
calculation is based on only open-loop information. In Example 10.4, the derivation is based on
(10-25) and (10-26).
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We can now state the general definition of the relative gain array, A. For the element
relating the i-th controlled variable to the j-th manipulated variable,
oc;/om

J|mk,k¢j

A= k)
" dcy/om|

Ck, ki

(10-36)

where the (open-loop) gain in the numerator is evaluated with all other manipulated variables held
constant and all the loops open (no loops!). The (closed-loop) gain in the denominator is evaluated
with all the loops—other than the i-th loop—closed. The value of this so-called closed-loop gain
reflects the effect from other closed-loops and the open-loop between m, andc;.

Therelative gain array can be derived in terms of the process steady state gains. Making use of
the gain matrix eguation (10-32), we can find (not that hard; see Review Problems)

)\ = #
X My 1 KoK (20-37)

K 11K 22
which can be considered a more general form of (E10-5) and hence (E10-6).11

The next question comes back to the meaning of the RGA, and how that may influence our
decision in pairing manipulated with controlled variables. Here is the ssimple interpretation making
use of (10-36) and (10-37):

Ajj=1 Requires K,K 51 = 0. “Open-loop” gain isthe same as the “closed-
loop” gain. The controlled variable (or loop) i is not subject to
interaction from other manipulated variables (or other loops). Of
course, we know nothing about whether other manipulated variables

may interact and affect other controlled variables. Nevertheless, pairing
the i-th controlled variable to the j-th manipulated variable is desirable.

Aij=0 The open-loop gain is zero. The manipulated variable j has no effect on
the controlled variablei. Of course m; may till influence other

controlled variables (via one-way interaction). Either way, it makes no
sense to pair m; with ¢; in a control loop.

O<Ajj<1 No doubt there are interactions from other loops, and from (10-37),
some of the process gains must have opposite signs (or act in different
directions). When Aj ; = 0.5, we can interpret that the effect of the
interactionsisidentical to the open-loop gain—recall statement after
(10-36). When Aj j > 0.5, the interaction is less than the main effect of

m; on ¢;. However, when A; ; < 0.5, the interactive effects predominate

and we want to avoid pairing m; with ¢;.

Aij>1 There are interactions from other loops as well, but now with all the
process gains having the same sign. Avoid pairing m; with ¢ if A is
much larger than 1.

Aij<0 We can infer using (10-36) that the open-loop and closed-loop gains
have different signs or opposing effects. The overal influence of the

11 For your information, relative gain array can be computed as the so-called Hadamard product, )\ij

=K; i K—lji, which is the element-by-element product of the gain matrix K and the transpose of its

inverse. Y ou can confirm this by repeating the examples with MATLAB calculations.
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10.7

other loopsis in opposition to the main effect of m; on ¢;. Moreover,
from (10-37), the interactive product K 1,K 5, must be larger than the
direct terms K 1K ,. Undesirable interaction is strong. The overall

multiloop system may become unstable easily if we open up one of its
loops. We definitely should avoid pairing m, with ¢,.

To sum up, the key isto pair the manipulated and controlled variables such that the relative
gain parameter is positive and as close to one as possible.

Example 10.5. If m; = 0.1 g/s, m, = 10 g/s, what is the proper pairing of manipulated and
controlled variables? What if m; =9 g/s, m, = 1 g/s?

In the first case where m, is very small, it is like a dosing problem. From (10-28), x = 0.0099.
Since x « 1, Ax m, isvery close to 1 by (E10-5). Thus interaction is not significant if we pair x
with my, and F with m,. Physically, we essentially manipulate the total flow with the large
solvent flow m, and tune the solute concentration by manipulating m;,.

In the second case, x = 0.9. Now Ay, = 0.1 by (E10-5). Since Ax m, « 1, we do not want to pair
X with my. Instead, we pair pair x with m,, and F with m;. Now we regulate the total flow with
the larger solute flow m, and tune the concentration with the solvent m,.

Decoupling of interacting systems

After proper pairing of manipulated and controlled variables, we still have to design and tune the
controllers. The simplest approach is to tune each loop individually and conservatively while the
other loop isin manual mode. At a more sophisticated level, we may try to decouple the loops
mathematically into two non-interacting SISO systems with which we can apply single loop
tuning procedures. Several examples applicable to a2 x 2 system are offered here.

[0 10.7.1 Alternate definition of manipulated variables

We seek choices of manipulated variables that may decouple the system. A simple possibility isto
pick them to be the same as the controlled variables. In the blending problem, the two new
manipulated variables can be defined as 12

W =F (10-38)

My =X (10-39)

Once the controller (a computer) evaluates these two manipulated variables, it also computes on
the fly the actual signals necessary for the two mass flow rates m; and m,. The computation

12 The blending problem can be reduced to one-way interaction if we use m, instead of x asthe
new manipulated variable p,. We'll do that in the Review Problems.
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Figure 10.13. A decoupled control scheme. The controller outputs are
the manipulated variables in Egs. (10-38) and (10-39) and they are
rewritten based on their definitions in (10-25) and (10-28).

follows directly the balance equations (10-25) and (10-28). Fig. 10.13 is a schematic diagram on
how this idea may be implemented.

[0 10.7.2 Decoupler functions

In this section, we add the so-called decoupler functionsto a2 x 2 system. Our starting point is
Fig. 10.12. The closed-loop system equations can be written in matrix form, virtually by visual
observation of the block diagram, as

C1
C,

Gll G12
GZl G22

G, 0
0 G,

Rl_Cl
RZ_CZ

(10-40)

In matrix form, this equation looks deceptively simple, but if we expand the algebra, we should
arrive at Egs. (10-20) and (10-21) again.

In a system with interactions, G,, and G,; are not zero, but we can manipulate the controller
signal such that the system appears (mathematically) to be decoupled. So let'stry to transform the

controller output with a matrix D, which will contain our decoupling functions. The manipulated
variables are now

Ml — dll d12 Gcl 0 Rl_Cl
MZ d21 d22 0 GC2 RZ_CZ
and the system equations become
C, Gy Gy |dydyp | |G, O ||R,-C, R,-C;
= =GDG
cz] Gy Go || Dz Uz || O G, |[R—Co °|R—Cy (10-41)

To decouple the system equations, we require that GDG be a diagonal matrix. Define Gg =
GDGg, and the previous step can be solved for C:

=[1+ Go]_lGo[Rl} (10-42)

Since G is diagonal, the matrix [I + Gg]1G, is also diagonal, and happily, we have two
decoupled equationsin (10-42).

Now we haveto find D. Since G is aready diagonal, we require that GD be diagonal:
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Gll GlZ dll d12 - Hl 0
[621 G || Dot dpn | 7| O Hy (10-43)
A little bit of algebrato match term by term, we should find (see Review Problems)

G22 Hl GllHZ
djy = , dxp= 10-44
H GllGZZ _GlZGZl # G11622 _612G21 ( )

-G -G

d,, =24 di,=—*d 10-45
21 G22 11 12 Gll 22 ( )

We have six unknowns (four djj and two H;) but only four equations. We have to make two
(arbitrary) decisions. One possibility is to choose (or define)
_ GGy -GGy _ GGy -GGy

GZZ Gll

Hy , and H, (10-46)
such that d;, and d», become 1. (We can aso think in terms of choosing both d;; = d,, =1 and

then derive the relations for Hy and H,.) It follows that

_GZl _Glz
dy;=—==, ad dp=—-"- 10-4
21 GZZ 12 Gll ( 7)
Now the closed-loop equations are
Cy| [H10]|Gu O ||R-Cy H;G;, O R,-C;
Co| T | 0 Hy|| 0 Gu||R,=Cyo| T | 0 H,G,||R-C, (10-48)
from which we can easily write, for each row of the matrices,
g_ GClHl %_ Gc2H2
R, 1+G H;y ¥4 R, 1+G_H, (10-49)
and the design can be based on the two characteristic equations
1+GyH,; =0, and 1+G,H,=0 (10-50)

Recall Eqg. (10-46) that H1 and H2 are defined entirely by the four plant functions Gj;. Thisis
another example of model-based control. With the definitions of H1 and Ho given in (10-46), the
calculations are best performed with a computer.

o
Bt Ge, + Cu |+
< Da G2
1 D12 a — G2l
R2 + Y+ + C2
+

Figure 10.14. A decoupling scheme using two feedforward-like decoupler functions.
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[0 10.7.3 Feedforward decoupling functions

A simpler approach is to use only two decoupler functions and implement them as if they were
feedforward controllers that may reduce the disturbance arising from loop interaction. As
implemented in Fig. 10.14, we use the function D, to “foresee” and reduce the interaction due to

G,,. Likewise, D, is used to address the interaction due to G,,. To find these two decoupling

functions, we focus on how to cancel the interaction at the points identified as“a” and “b” in Fig.
10.14.

Let's pick the point “&” first. If the signal from M, through G, can be cancelled by the
compensation through D,,, we can write

GyM; + GpDxM, =0
Cancel out M, and we have
D2 == Gy/Gp (10-51)
Similarly, if D,, can cancel the effect of G,, at the point “b,” we have
GoM, + G4D;p,M, =0
or
Dy, =-G/Gyy (10-52)

We may notice that Egs. (10-51) and (10-52) are the same as d,, and d,,, in (10-47). The strategy of
implementing D,, and D, is similar to the discussion of feedforward controllers in Section 10.2,

and typically we remove the time delay terms and apply a lead-lag compensator asin Eq. (10-8). If
the time constant of the first-order lead is similar to time constant of the first-order lag, then we
just need a steady state compensator.

Example 10.6: A classic example of an MIMO problem is a distillation column.13 From open-
loop step tests, the following transfer functions are obtained:

007e 3 -005€8

Xo(9) 12s+1 15s+1 L)
0le 4 —015e2s
Xe(9) 11s+1 10s+1 ©

In this model, xj, and xg are the distillate and bottom compositions, L is the reflux flow rate, and

V isthe boil-up rate. Design a 2x2 MIMO system with Pl controllers and decouplers asin Fig.
10.14.

Before we design the MIMO system, we need to check the paring of variables. The steady state
gain matrix is

13 Pardon usif you have not taken a course in separation processes yet, but you do not need to
know what a distillation column isto read the example. In a simple-minded way, we can think of
making moonshine. We have to boil a dilute alcohol solution at the bottom and we need a
condenser at the top to catch the distillate. Thisis how we have the VV and L manipulated variables.
Furthermore, the transfer functions are what we obtain from doing an experiment, not from any
theoretical derivation.
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K =|0.07-0.05
0.1 -0.15

With Eqg. (10-37) and (E10-6), the relative gain array is

A=| 191 -091
-091 191
The relative gain parameter Ay,-| is1.91. Itisnot 1 but at least it is not negative. Physicaly, it
also makes sense to manipulate the distillate composition with the more neighboring reflux flow.
So we will pair x5-L and x5-V. Next, with (10-51) and (10-52), the two decoupling functions are
12s+1 10s+1 _ ¢
15s+1’ 11s+1 42

To do the tuning, we can use the initial values K ;, = —0.7 (-0.05/0.07), and K4 ,, = 0.7
(-0.1/0.15).

Dp,=Ky 12 and Dy =Ky o

We will have to skip the details for the remainder of the exercise. Y ou may try to generate a plot
similar to Fig. E10.6 in the Review Problems.

Thisisroughly how we did it. All the simulations are performed with Simulink. First, we use
G,; and G,, asthefirst order with dead time functions and apply them to the ITAE tuning
relations in Table 6.1. With that, we have the Pl controller settings of two SISO systems. The
single loop response to a unit step change in the set point of x; is labeled SISO in Fig. E10.6.
We retain the ITAE controller settings and apply them to a Simulink block diagram constructed as
in Fig. 10.12. The result is labeled MIMO in the figure. Finally, we use Fig. 10.14 and the two
decouplers, and the simulation result with theinitia setting is labeled “MIMO with decouplers.”

L L o e sy B
1
0.8
XdO.G
0.4

0.2

o} A T Y FlgureE106
0 10 20 30 t40 50

In thisillustration, we do not have to detune the SISO controller settings. The interaction does not
appear to be severely detrimental mainly because we have used the conservative ITAE settings. It
would not be the case if we had tried Cohen-Coon relations. The decouplers also do not appear to
be particularly effective. They reduce the oscillation, but also slow down the system response. The
main reason is that the lead-lag compensators do not factor in the dead timesin al the transfer
functions.
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(f)

Review Problems

Derive (10-3) and (10-3a) with measurement transfer functions Gpy,, and Gy, in the primary
and secondary loops. Confirm the footnote to (10-3a) that this equation can be reduced to that
of asingle loop system.

Do the root locus plots in Example 10-1(d). Confirm the stability analysis in Example 10-
1(e).

Draw the block diagram of the system in Example 10-2. Label the diagram with proper
variables.

Attempt anumerical simulation of afeedforward-feedback system in Fig R10.4. Consider the
simplified block diagram with

- 05 - 08 - —-04
G=g31r Gp=osyipr ad GL=5y7.

(@ Theload function hasa
negative gain. What does it i
mean?

(b) Omit for the moment the G
feedback 1oop and controller i
Gc, and consider only Ggr as R _I M

. . e + +
defined in (10-8). Use -— Gy Gp
MATLAB functions (or
simulink) to simulate the —
response in C when we Figure R10.4
impose a unit step change to
L. Experiment with different
values of the gain and time constants in the lead-lag element.

Yo

(© Consider a Pl controller for the feedback loop with an integral time of 1.5 s, find the
proportiona gain such that the system has an underdamped behavior equivalent to a
damping ratio of 0.7.

(d) With the feedback loop and PI controller in part (c), use MATLAB to simulate the
response of C to aunit step changein L. Repeat the different values of the feedforward
controller asin part (b).

Consider the simpler

. . m, + Cq
problem in Fig. R10.5 based — Gy —
on Fig. 10.12. If we only }J'
implement one feedback loop G1y
and one controller, how is
the transfer function C,;/M,
affected by the interaction? . — G —+

2
Derive the transfer functions . G G Y 2
C,/R; and C,/R, from Egs. - L2 m, 2]+
(10-20) and (10-21). -
Fill in the details and derive
the RGA (E10-6) in Figure R10.5

Example 10.4.

Derive Eq. (10-37).

Show that we also can obtain (E10-6) by applying (10-37) to the blending problem.
Repeat Section 10.7.1 by replacing the second manipulated variable in (10-39) with
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Ho =My

Find the gain matrix and show that the relative gain parameter is 1. Show how this partially
decoupling scheme can be implemented as analogous to Fig. 10.13.

11. Derive Egs. (10-44) and (10-45).

12. Try to do the Simulink simulations in Example 10.6. If you need help the Simulink fileison
our Web Support.

Hint:

2. The MATLAB statements can be;
Part (d)
@=tf(0.8,[2 1]);
Gr=tf(0.9,[0.1 1]); 9Wth cascade control
t aui =0. 05; %ust one exanpl e
G=tf([taui 1],[taui 0])
rl ocus(Qd *Qr* )

Part (e)
Gro=tf(0.5[1 1]);
rl ocus(Q@ *GQvo* ()

4. (8) If L istheinlet process stream flow rate, how would it affect the furnace temperature?
(b) Use (10-9), and the comments that follow, to select the parameters for the feedforward
controller. Compare with the case when we do not have afeedforward controller by setting Ker

= 0. You should observe that the major compensation to the load change is contributed by the
steady-state compensator.

(c) Theproportional gainis about 1.4. The feedforward controller does not affect the system
stability and we can design the controller G¢ with only Gy, Gp, and the feedback loop. We

have to use, for example, the root locus method in Chapter 6 to do this part. Root locus can
also help usto determineif T, = 1.5 sisagood choice.

(d) Y ou should find that the feedback loop takes over much of the burden in load changes. The
system response is rather robust even with relatively large errorsin the steady-state
compensator.

5. C; = GG, (Ry —Cy) + Gy My
C1=GiMy + GG, (R, - Cy)

Setting R, = 0,

GZl

Co= 13 GG

M,

Substitute C, into the C, equation, we can find after two algebraic steps,

G126 Ge,

©1=|%u"156 6,

1

The second term in the bracket is due to interaction.

6. We apply Kramer'sruleto find C, just as we had with C;. The solution has the same
characteristic polynomial in (10-22). The transfer functions:

With R, =0,
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C,  GaGe, G Ge, (G116 — G12G,)

R, P9
With R, =0,
Cy_ G21Ge,
Ry p(s
. We till use (10-28) as in Example 10.4. To find )\x,mzi
ox | _  -m ox| o (F—mz)_ 1
oMy |, (m,; +m,)? om, | om,\ F F
ad
_ My _
)\x,mz_ m1+m2 -
To find Ap m;:
ai = 1 . 6F _ 1 . _ /
om, |~ using Eq. (10-25) am, | =% -usng F = my/x
>\F,m1 =X
To find Agm,:
OF| -, OF 1 B .y
6m2 m, me_l_x’ using XF_F_mZ,F—mz(l—X)
}‘F,mz =1-x

. We may just aswell use Eq. (10-32) in itstime-domain form
Ky Ko [| My
m,

K21 Kz
where now x, F, m;, and m, are deviation variables. From the first row, it isimmediately
obvious that

X
F

0Xx _k
Tml =K

ma

We next substitute for m, using the second row to get

F-K,m
X:K11m1+K127( 2y
K22
Now we can find
om,| ~ % K
1g 22

From here on, getting (10-37) is a simple substitution step.

. To derive E10-6 using K. Thisis just a matter of substituting the values of the Kij’s from (10-
30) and (10-31) into (10-37). We should find once again Ax m; = 1 — X asin (E10-5), and (E10-
6) follows.

10. We need to find how L, and p, affect F and x. With p; = F and g, = m;, we can rewrite the

definition of x = m;/F asx = p;/H,. Thisisthe form that we use to take a first order Taylor
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11.

expansion as we have done with the step after Eq. (10-28). The result in matrix form of the
Laplace transform of the deviation variablesis

FO| | 1 0 ||lme

X(s) -
1

L \ o)

Hilss

S.S.

By putting F in the first row, it is clear that we have a one-way interaction system. By (10-
37), A = 1. And with F = m; + m, and m, as the output of the controllers, we can implement

this scheme as in Fig. R10.10.
We'll find d;; and d,; as anillustration. The first column of the RHS of (10-43) is rewritten
as the two equations:

Gy dyg + Gpdy = Hy

Gy dyg +Gppdy =0
Solving them simultaneously will lead to d;; and d,, in (10-44) and (10-45). And choosing
d;q =1, (10-44) can be rewritten as (10-46).

™ ® ©

m2 Y - —

Figure R10.10
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[ 4. state Space Representation

4.1

The limitation of transfer function representation becomes plain obvious as we tackle more
complex problems. For complex systems with multiple inputs and outputs, transfer function
meatrices can become very clumsy. In the so-called modern control, the method of choice is state
Space or state variables in time domain—essentially a matrix representation of the modd
equations. The formulation alows us to make use of theories in linear algebra and differential
equations. It is aways a mistake to tackle modern control without a firm background in these
mathematical topics. For this reason, we will not overreach by doing both the mathematical
background and the control together. Without a forma mathematical framework, we will put the
explanation in examples as much as possible. The actual state space control has to be ddayed until
after tackling classicdl transfer function feedback systems.

What are we up to?
« How to write the state space representation of a model.

¢ Understand the how a state space representation is related to the transfer function
representation.

State space models

Just as you are feeling comfortable with transfer functions, we now switch gears totally.
Nevertheless, we are still working with linearized differential equation models in this chapter.
Whether we have a high order differential equation or multiple equations, we can aways rearrange
them into a set of first order differential equations. Bold statements indeed! We will see that when
we go over the examples.

With state space models, a set of differential equationsis put in the standard matrix form

X =AX +Bu 4-1)

y=Cx+Du (4-2)

where X is the state variable vector, u istheinput, and y is the output. The time derivative is
denoted by the overhead dot. In addition, A is the process (plant) matrix, B is the input matrix, C
is the output matrix, and D is the feed-through matrix. Very few processes (and systems) have an
input that has a direct influence on the output. Hence D is usually zero.

When we discuss single-input single-output models, u, y, and D are scalar variables. For
convenience, we keep the notation for B and C, but keep in mind that in this case, B is a column
vector and C is arow vector. If x isof order n, then A is(nx n), Bis(nx 1), and C is(1x n).1

The idea behind the use of Egs. (4-1) and (4-2) is that we can make use of linear system
theories, and complex systems can be analyzed much more effectively. There is no unique way to
define the state variables. What we will show is just one of many possibilities.

1 If you are working with only single-input single-output (SISO) problems, it would be more
appropriate to replace the notation B by b and C by ¢T, and write d for D.
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0 Example 4.1: Derive the state space representation of a second order differential
equation of aform similar to Eq. (3-16) on page 3-5:

d% dy , 2y =
& + 2w, g+ 0,y = Ku(d (E4-1)

We can do blindfolded that the transfer function of this equation, with zero initial
conditions, is
Y _ K

- (E4-2)
U  s?+20w, s+’

Gp(9 =

Now let's do something different. First, we rewrite the differential equation as
d%y

o -2Lw g—m§y+Ku(t)

ndt

and define state variables 1

dx,

X; =y and X2 = gt

(E4-3)

which allow usto redefine the second order equation as a set of two coupled first order equations.
Thefirst equation is the definition of the state variable x, in (E4-3); the second equation is based

on the differential equation,

dx,

i — 20w, X, — 02 X + Ku(t) (E4-4)

We now put the result in a matrix equation:

X 0 1 X 0
= Yo u(t) (E4-5)
X5 -2 =20, | | x, K
We further write
X
y=[1 0]} (E4-6)
2

as a statement that x is our output variable. Compare the results with Egs. (4-1) and (4-2), and we
see that in this case,

0 1

-2 2w,

; B=0; CcC=|1 0]; D=0
o et

To find the eigenvalues of A, we solve its characteristic equation:
Al =A|=AA + 20w,) + W,2=0 (E4-7)

We can usethe MATLAB functiont f 2ss() to convert the transfer function in (E4-2) to state space
form:

1 This exercise is identical to how we handle higher order equations in numerical analysis ad
would come as no surprise if you have taken a course on numerical methods.
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z=0.5; wn=1.5; % Pi ck two sanpl e nunbers for ¢ and w,
p=[1 2*z*wn wn*wn];
[a, b, c, d] =t f2ss(wn*wn, p)

However, you will find that the MATLAB result is not identical to (E4-5). It hasto do with the fact
that there is no unique representation of a state space model. To avoid unnecessary confusion, the
differences with MATLAB are explained in MATLAB Session 4.

One important observation that we should make immediately: the characteristic polynomial of
the matrix A (E4-7) is identical to that of the transfer function (E4-2). Needless to say that the
eigenvaues of A are the poles of the transfer function. It is a reassuring thought that different
mathematical techniques provide the same information. It should come as no surprise if we
remember our linear algebra.

O Example 4.2: Draw the block . _
diagram  of the state  space U0 X ,(t) X,(t) X,(t) = y(t)
representation of the second order U + 1] X | 1| X=Y
differential equation in the 7 5 5 i
previous example.

+ 2(w

The result is in Fig. E4.2. It is quite
easy to understand if we take note that W
thetransfer function of an integrator is

1/s. Thus the second order derivative is Figure E4.2

located prior to the two integrations.

Theinformation at the summing point

also adds up to the terms of the second order differential equation. The resulting transfer function is
identical to (E4-2). The reduction to a closed-loop transfer function was done in Example 2.16 (p.
2-33).

0 Example 4.3: Let's try another model with a slightly more complex input. Derive the state
space representation of the differentia equation

d%y dy . _du _ _ _
?+0.4m+y = 4t +3u. ¥(0) = dy/dt(0) =0, u(0) =0,

s+3

which has the transfer function Y = 5.
U ?+04s+1

The method that we will follow is more for illustration than for its generality. Let's introduce a
variable X, between'Y and U:

Y _ X1 Y 1
P +04s+1

)(S+3)

The first part X,/U is a simple problem itself.

X1 _ 1 is the Laplace transformed of d2X1+O4dX1+x =u
U |2+04s+1 *® a2z dt Tt
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With Example 4.1 as the hint, we define the state variables x; = x; (i.e., the same), ad
X5 = dx4/dt. Using steps similar to Example 4.1, the result as equivalent to Eq. (4-1) is

X, 0 1 |Ix|, |0 .
S = u
Xp| | -1 -04|[x,| |1 (E4-8)
- dx;
Asfor the second part Y/X = (s+ 3), it isthe Laplace transformed of y:W+3x1. We can use
the state variables defined above to rewrite as
X
y =X, + 3%, orinmatrix form y=[31] xl , (E4-9)
2

which isthe form of Eqg. (4-2).
With MATLAB, the statements for this example are:

g=[1 3];

p=[1 0.4 1];

root s(p)

[a, b, c,d]=tf2ss(q, p)
eig(a)

Comments at the end of Example 4.1 also apply here. The result should be correct, and we should
find that both the roots of the characteristic polynomia p and the eigenvalues of the matrix a are
—0.2 £ 0.98]. We can aso check by going backward:

[g2, p2] =ss2tf(a,b,c,d, 1)

and the original transfer function is recoveredin g2 and p2 .

0 Example 4.4: Derive the state space representation of the lead-lag transfer function

Y -s+2

U s+3, .

xe
x

We follow the hint in Example 4.3 and write the  u 1 I y
- — {1}

transfer function as — S

YoXYo 1 gio

U UX s+3
From X/U = 1/(s+3), we have sX =-3X + U, or in
time domain, Figure E4.4

dx —
- (i 3x+u (E4-10)

and from Y/X = s+2, we have Y = sX +2X and substitution for sX leadsto
Y=(3X+U)+2X=-X+U
The corresponding time domain equation is

y=—x+u (E4-11)
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Thus all the coefficientsin Egs. (4-1) and (4-2) are scalar, withA =-3,B=1,C=-1, and D = 1.
Furthermore, (E4-10) and (E4-11) can be represented by the block diagram in Fig. E4.4.

We may note that the coefficient D is not zero, meaning that with alead-lag element, an input can
have instantaneous effect on the output. Thus while the state variable x has zero initial condition,
it is not necessarily so with the output y. This analysis explains the mystery with the inverse
transform of this transfer function in Eq. (3-49) on page 3-15.

The MATLAB statement for this exampleis:

[a b, c d=tf2ss([1 2], [1 3])

In the next two examples, we illustrate how state space models can handle a multiple-input
multiple output (MIMO) problem. Well show, with a simple example, how to trandate
information in a block diagram into a state space model. Some texts rely on signal-flow graphs,
but we do not need them with simple systems. Moreover, we can handle complex problems easily
with MATLAB. Go over MATLAB Session 4 before reading Example 4.7A.

0 Example 4.5: Derive the state space representation of two continuous flow stirred-tank
reactors in series (CSTR-in-series). Chemical reaction is first order in both reactors. The reactor
volumes are fixed, but the volumetric flow rate and inlet concentration are functions of time.

We use this example to illustrate how state space representation can handle complex models. First,
we make use of the solution to Review Problem 2 in Chapter 3 (p. 3-18) and write the mass
balances of reactant A in chemical reactors 1 and 2:

dc,
V;— =q(c,—c,) -V, k;C
1 dt 0 1 1™1v1 (E4-12)
dc
ad V,—2 = q(c;—C,) —V,kyC
275Gt 162 2K202 (E4-13)

Since g and ¢ are input functions, the linearized equations in deviation variables and with zero
initial conditions are (with all apostrophes omitted in the notations):

dc,
Vldi = 0sCy +(Cos_cls) q- (qs + Vl kl) C1
t (E4-14)
dc,
ad Vzﬁ = 0sC; +(C1s—Cps) d—(gs + VK3) C; (E4-15)

The missing steps are very similar to how we did Example 2.11 (p. 2-28). Divide the equations by
the respective reactor volumes and define space times t, = V,/gs and 1, = V,/qs, we obtain

dcl 1 Cos—C1s
o +

1
_ k .
dt T V1 ) a (Tl * 1) ‘1 (E4 16)

dc 1 Cis—C
ad 2 - C1+( 1s 2s
V2

1
o T, )q_(T2+k2) C, (E4-17)

Up to this point, the exercise is identical to what we learned in Chapter 2. In fact, we can
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now take the Laplace transform of these two equations to derive the transfer functions. In state
space models, however, we would put the two linearized equations in matrix form. As analogous
to Eqg. (4-1), we now have

1 Cos—Cys

1 =
1, 1, \Z!

The output y in EQ. (4-2) can be defined as

Yi| |1 Of|ci| |
Y2| |0 1]|c| |c
if we are to use two outputs. In SISO problems, we likely would only measure and control ¢,, ad
hence we would define instead

(E4-19)

y =[01]

Gy
c, (E4-20)

with ¢, as the only output variable.

0 Example 4.6. Derive the transfer function Y/U ad

the corresponding state space mode! of the block diagram U > 2 1 X1=Y
in Fig. E4.6. T | s+1 s
From Chapter 2 block diagram reduction, we can easily
X3 1
spot that m
S +
Y_  sGE+D -
U= 2 , Figure E4.6

1+ s(s+1) (s+10)

which isreduced to

Y - 2 (s+10)
U s3+11s2+10s+2 (B4-21)

This transfer function has closed-loop poles at —0.29, —0.69, and —10.02. (Of course, we computed
them using MATLAB.)

To derive the state space representation, one visual approach is to identify locations in the block
diagram where we can assign state variables and write out the individua transfer functions. In this
example, we have chosen to use (Fig. E4.6)

Xi_1 X, _ 2 . X3_

Tz_g; U=-X, s+1° )(—1—S+7110;andtheoutputequationY:X1

We can now rearrange each of the three transfer functions from which we write their time domain
equivalent:

dxy _

X, = X, Hi=x, (E4-222)
SXp =Xy 2X3+2U % =—Xp—2Xzt2u (E4-220)
dxs _

SX3 = —10)(3 + Xl W =X1- 10X3 (E4'220)
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Therestistrivial. We rewrite the differential equationsin matrix form as

X1 0O 1 O X1 0 X1
%xz =| 0 -1 —2||x,|+|2|u, and y=[10 0]|x, (E4-23, 24)
xa| | 1 0 -10]|x,| [0 Xa

We can check with MATLAB that the model matrix A has eigenvalues —0.29, —0.69, and —10.02.
They areidentical with the closed-loop poles. Given a block diagram, MATLAB can put the state
space model together for us easily. To do that, we need to learn some closed-loop MATLAB
functions, and we will defer thisillustration to MATLAB Session 5.

An important reminder: Eq. (E4-23) has zero initia conditions x(0) = 0. This is a direct
consequence of deriving the state space representation from transfer functions. Otherwise, Eq. (4-1)
is not subjected to this restriction.

4.2 Relation with transfer function models

From the last example, we may see why the primary mathematical tools in modern control ae
based on linear system theories and time domain analysis. Part of the confusion in learning these
more advanced techniques is that the umbilical cord to Laplace transform is not entirely severed,
and we need to appreciate the link between the two approaches. On the bright side, if we can
convert a state space modd to transfer function form, we can still make use of classical control
techniques. A couple of examples in Chapter 9 will illustrate how classicadl and state space
techniques can work together.

We can take the Laplace transform of the matrix equation in Eq. (4-1) to give
sX(s) = AX(s) + BU(s) 4-3)

where the capital X does not mean that it is a matrix, but rather it is used in keeping with our
notation of Laplace variables. From (4-3), we can extract X explicitly as

X(s) = (sl —A)1BU(s) = d(s)BU(9) 4-9)
where
®(s) = (sl —A)? (4-5)

is the resolvent matrix. More commonly, we refer to the state transition matrix (also cdled
the fundamental matrix) which isitsinverse transform

®(t) =L(sl —A)] (4-6)

We will use the same notation @ for the time function and its Laplace transform, and only add the
t or s dependence when it is not clear in which domain the notation is used.

Setting D = 0 and X(s) derived in (4-4), the output Y (s) = CX(s) becomes
Y (s) = CP(s)BU(9) (4-7)
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In this case where U and Y are scalar quantities, C®B must also be scalar.! In fact, if we make an
association between Eq. (4-7) and what we have learned in Chapter 2, C®B is our ubiquitous
transfer function. We can rewrite Eq. (4-7) as

Y(s) = Gy(9)U(s), (4-79)
where
Gy(s) = Cp(s)B (4-8)

Hence, we can view the transfer function as how the Laplace transform of the state transition
matrix @ mediates the input B and the output C matrices. We may wonder how this output
equation is tied to the matrix A. With linear algebra, we can rewrite the definition of @ in Eq. (4-
5) as

_adi(s-A)

— -1
®(s)=(sl —A) = det (s —A) (4-59)

Substitution of this form in (4-8) provides a more informative view of the transfer function:

_Cladi (8 -A)]B
&= der (51— A) (83
The characteristic polynomial clearly is
det (sl —A) =0 (49

Thisis the result that we have arrived at, albeit less formally, in Example 4.1. Again, the poles of
Gp areidentical to the eigenvalues of the model matrix A.

O Example 4.7: We'l illustrate the results in this section with a numerical version of Example
4.5. Consider again two CSTR-in-series, with V; =1 m3, V, =2 m3, k; =1 min1, k, =2
min~, and initially at steady state, T, = 0.25 min, T, = 0.5 min, and inlet concentration cog = 1
kmol/m3. Derive the transfer functions and state transition matrix where both co and g are input
functions.

With the steady state form of (E4-12) and (E4-13), we can calculate

Cos _ 1 Cis 0.8

Cis= Tak,T, T 1+025° 08 A = g T S 1a205) - 04

In addition, we find /1, = 4 min-%, 1/t, = 2 min-L, (U/t, + k) =5 min-L, (1, + k,) =4
min-1, (Cos — C15)/V1 = 0.2 kmol/mS®, and (cis — Cy5)/V, = 0.2 kmol/m®. We substitute these

numerical values in (E4-16) and (E4-17), and take the Laplace transform of these equations to
obtain (for more general algebraic result, we should take the transform first)

Ci9= g Col9+ g Q9 (425

2 0.2
ard Col9) = 517 €19+ 512 Q9

1 From Eq. (4-5), we see that ® isa (n x n) matrix. Since B is (n x 1), and C is (1 x n), C®B
must be (1 x 1).
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Further substitution for C,(s) with (E4-25) in Cx(s) gives

02(s+7)

Col9) = (5+4) (5+5)

Col9) + Q) (E4-26)

8
(s+4)(s+5)

Equations (E4-25) and (E4-26) provide the transfer functions relating changes in flow rate Q ad
inlet concentration C, to changes in the two tank concentrations.

With the state space model, substitution of numerical values in (E4-18) leads to the
dynamic equations

dlc| _[-50 ||c N 4 02(|c, E4.7
dtic,| | 2 -4||c, 0 02||q (E4-27)
With the model matrix A, we can derive
_|st5 0
_ a1 1 s+4 0
ad *O=E A= (s+5)(s+4)| 2 s+5 (E4-28)

We will consider (E4-19) where both concentrations ¢; and ¢, are outputs of the model. The
transfer function in (4-7) is now a matrix

s+4 0
2 s+5

4 0.2
0 0.2

1

Gp(S) = C(D(S)B = W

(E4-29)

where C is omitted asit isjust the identity matrix (E4-19).1 With input u(s) = [Co(s) Q(9)]T, we
can write the output equation (4-6) as

[Ci9)] ~ 1 4(s+4) 02(s+4)||Co(9
7C2(S)7 - C(D(S)BU(S) - (S+ 5)(S+ 4) 8 02 (S+ 7) Q(S) (E4‘30)
Thisis how MATLAB returns the results. We of course can clean up the algebrato give
[ | 4 0.2
Cy(9 B (s+5) s+5) Co(9)
= (E4-30Q)
9 8 02(s+7) A9
7] [5+5)(s+4) (s+5)(s+4)

which isidentical to what we have obtained earlier in (E4-25) and (E4-26). The case of only one
output as in (E4-20) is easy and we'll cover that in Example 4.7A.

To wrap things up, we can take the inverse transform of (E4-30a) to get the time domain
solutions:

4™ 0.2

8(e"-e®) 023 *-207%]| 4

H
(E4-31)

1 Be careful with the notation. Upper case C is for concentration in the Laplace domain. The
boldface upper case C is the output matrix.
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O Example 4.7A: Repeat Example 4.7 using MATLAB.

If you understand the equations in Example 4.7, we are ready to tackle the same problem with
MATLAB.

t 1=0. 25; t2=0.5; % Define the vari abl es
k1=1; k2=2;

Vvi=1l; V2=2;

cos=1;

% Cal cul ate the steady state val ues. MATLAB should return
cls=cos/ (1+k1*t1); %0.8
c2s=cls/ (1+k2*t 2); %0. 4

% Coefficients of A and B using (E4-18)

all=-(1/t1+k1); % -5
al2=0;

a21=1/t2;

a22=- (1/t 2+k2); % -4
b11=1/1t1,

b12=(cos-cls)/ Vi; %0. 2
b21=0;

b22=(cls-c2s)/V2; %0. 2

% Finally build A and B in (E4-27)
a=[all al2; a21 a22]; %[-5 0; 2 4]
b=[bll b12; b21 b22]; %[4 0.2; 0 0.2]

eig(a) % Check that they are -4, -5
c=[10; 01]; % Define C such that both C, and G, are outputs
d=[0 0; 0 0];

With all the coefficient matrices defined, we can do the conversion to transfer function. The
function ss2t f () works with only one designated input variable. Thus, for the first input
variable Cy, we use
% MATLAB returns, for input no. 1
[gl, p] =ss2tf(a, b, c,d,1) %ql=[0 4 16; 0 O §]
%p =[19 20] = (s+4)(s+H)

The returned vector p is obviously the characteristic polynomial. The matrix g1 is really the first
column of the transfer function matrix in Eq. (E4-30), denoting the two terms describing the
effects of changesin Cy on C1 and Co. Similarly, the second column of the transfer function

matrix in (E4-30) is associated with changes in the second input Q, and can be obtained with:

[g2, p] =ss2tf(a, b, c,d, 2) %q2=[0 .2 .8; 0.2 1.4]
% The first termis 0.2(s+4) because
% MATLAB r et ai ns p=(s+4) (s+5)

If Co isthe only output variable, we define C according to the output equation (E4-20). Matrices
A and B remain the same. The respective effects of changes of Cq and Q on C» can be obtained
with

c=[0 1]; d=[0 O]; % C is the only output

[g21, p] =ss2tf(a, b, c,d, 1) % Co as input; g21=[0 0 §]

[g22, p] =ss2tf(a, b, c, d, 2) % Qas input; g22=[0 .2 1.4]
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We should find that the result is the same as the second row of (E4-30), denoting the two terms
describing the effects of changesin Cy and Q on Co.

Similarly, if Cq isthe only output variable, we use instead:

c=[1 0]; d=[0 O]; %CL is the only output
[q11, p] =ss2tf(a, b, c,d, 1) %qll=[0 4 16]
[q12, p] =ss2tf(a, b, c,d, 2) %ql2=[0 .2 .8]

and the result is the first row of (E4-30).

[1 Example 4.8: Develop a fermentor model which consists of two mass balances, one for the
cell mass (or yeast), C,, and the other for glucose (or substrate), C,. We have to forget about the

alcohol for now. The cell mass balance (E4-32) has two terms on the right. The first one describes
cell growth using the specific growth rate i = u(C,). The second term accounts for the loss of

cells due to outlet flow Q, which in turn is buried inside the notation D, the dilution rate.

dc
a0 tl =uC,-DC, (E4-32)

The specific growth rate and dilution rate are defined as:

C,
= = - Q
H=H(Cy Hme+C2 , and D_V

The glucose balance has three terms on the right. The first accounts for the consumption by the
cells. The last two terms account for the flow of glucose into and out of the fermentor.

dC pC
th =— Tl +D (Cy—C)) (E4-33)

The maximum specific growth rate p,,,, Monod constant K
constants. In (E4-33), C,, is the inlet glucose concentration.

The dilution rate D is dependent on the volumetric flow rate Q and the volume V, and redly
isthe reciprocal of the space time of the fermentor. In this problem, the fermentor volume, V, is
fixed, and we vary the flow rate, Q. Hence, it is morelogical to use D (and easier to think) asit is
proportional to Q.

Our question is to formulate this model under two circumstances: (1) when we only vary the
dilution rate, and (2) when we vary both the dilution rate and the amount of glucose input. Derive
also the transfer function model in the second case. In both cases, C; and C, are the two outputs.

and cell yield coefficient Y ae

m?

To solve this problem, we obviously have to linearize the equations. In vector form, the
nonlinear model is

% = f(x, D) (E4-34)

wherex = [C; C,]T, and
f1(x, D) (MCy-D)Cy

f(x,D) = = (E4-35)
L 0)| |-H2% b (c,-c)
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We first take the inlet glucose, C,,, to be a constant (i.e., no disturbance) and vary only the

dilution rate, D. From the steady state form of (E4-32) and (E4-33), we can derive (without specia
notations for the steady state values):

e
Y 1
Now we linearize the two equations about the steady state. We expect to arrive at (with the

apostrophes dropped from al the deviation variables and partial derivatives evaluated at the steady
state):

D(Cy-Cy = and C,=Y(C,,—-C)) (E4-36)

] [of, of of,
a|“|_|ac, ac,| |“Y, || |
dil o |79 O | | |T| O (E4-37)
2|l |ac, ocC, 2| | oD
L J L S.S S.S

Using (E4-35) to evaluate the partial derivatives, we should find

d| C1 0 G G —-C;

at - = " c, . . + & D = Ax+BD (E4-39)
L 2, ,_7 _VH _u S.S. 2 Y S.S.
where [ is the derivative with respect to the substrate C,:
u'= diu = Ki (E4-39)

m m
dC "MKy +Cy?

All the coefficientsin A and B are evaluated at steady state conditions. From Eq. (E4-32), D =p at
steady state. Hence the coefficient a;, in A is zero.

To complete the state space model, the output equation is

C, 10||C;
C, 01]||C,

(E4-40)

where C isthe identity matrix.

Now, we'll see what happens with two inputs. In practice, we most likely would make a
highly concentrated glucose stock and dose it into a main feed stream that contains the other
ingredients. What we manipulate is the dosage rate. Consider that the glucose feed stock has a fixed
concentration C,; and adjustable feed rate ¢, and the other nutrients are being fed at arate of q,. The

effective glucose feed concentration is

_ %Cyx _ Cy

Co=g+a, - "0 (E4-41)

where Q = ¢ + , isthe total inlet flow rate, and the dilution rate is
- 9 _ %t 9

D= V-V (E4-42)
The general fermentor model equation as equivalent to (E4-34) is

dx _

E = f(X, U) (E4-43)

where the state space remains x = [C, C,]T, but the input is the vector u = [D, Df]". Here, D, =
g./V and D; = g/V arethe respective dilution rates associated with the two inlet streams. That is,
we vary the main nutrient feed and glucose dosage flow rates to manipulate this system. The
function, f, is
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f(x, u) = ;182 3% _ CU(Cz)Cl— (Do+Dy) Cy (E440)
a _%'FDfCZf_(DO*'Df) C,
At steady state,
p=(D,+D;) =D (E4-45)
ad
C,=Y(C*,,—C,), where C* = % (E4-46)

The equations linearized about the steady state (with the apostrophes dropped from the deviation
variables asin E4-38) are

d Cl] J| 0 e [Cl} f "G G [Do} SAX+BU  (E447)
dt [Cz oG C, -C, (Cx-Cy ss. Dy
Ty Ty HTH

The output equation remains the same asin (E4-40). Laplace transform of the model equations and
rearrangement lead usto

Cl - Gll GlZ Do
= E4-48
[Cz] Ga1 Gy, || Dy ( )
where the four open-loop plant transfer functions are;
C Ci ,
(9 slen 5 ey
Gy = S = E4-49
11 p(S) ( )
C , CyH'
| s+ ow ©a-ca-i[ S+
G - S.S. S.S.
12 p(s) (E4"50)
]
_(CZ)S.S.S+ YlLS
G E4-51
21 p(S) ( S )
Ciu
(CZf_CZ)s.s.S+ YlLS
Gy= E4-52
22 p(S) ( S )
and the characteristic polynomial
C Ciup
P9 =8+ (% * u) s+ ( v ) (E4-53)

S.S.

Until we can substitute numerical values and turn the problem over to a computer, we have to
admit that the state space form in (E4-47) is much cleaner to work with.

This completes our "feel good" examples. It may not be too obvious, but the hint is that linear
system theory can help us analysis complex problems. We should recognize that state space
representation can do everything in classical control and more, and feel at ease with the language of
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4.3

state space representation.

Properties of state space models

This section contains brief remarks on some transformations and the state transition matrix. We
limit the scope to materials that one may draw on introductory linear algebra.

[ 4.3.1 Time-domain solution

We can find the solution to Eq. (4-1), which issimply a set of first order differential equations. As
analogous to how Eq. (2-3) on page 2-2 was obtained, we now use the matrix exponential function
asthe integration factor, and the result is (hintsin the Review Problems)

x(t) = eAtx(0) + fo e AtD Bu(T) dt (4-10)

where the first term on the right evaluates the effect of the initial condition, and the second term is
the so-called convolution integral that computes the effect of the input u(t).

The point is that state space representation is general and is not restricted to problems with zero
initial conditions. When Eq. (4-1) is homogeneous (i.e., Bu = 0), the solution is simply

x(t) = ertx(0) (4-11)

We can aso solve the equation using Laplace transform. Starting again from (4-1), we can find
(see Review Problems)

t
x(t) = D()X(0) + f ®(t 1) Bu(T) dr (4-12)
0
where @(t) is the state transition matrix as defined in (4-6). Compare (4-10) with (4-12), and we
can see that
P(t) = et (4-13)

We have shown how the state transition matrix can be derived in a relatively simple problem in
Example 4.7. For complex problems, there are numerical techniques that we can use to compute
d(t), or even the Laplace transform @(s), but which of course, we shall skip.

Oneidea (not that we really do that) isto apply the Taylor series expansion on the exponential
function of A, and evaluate the state transition matrix with

() = et =] +At+%A2t2+3ilA3t3+ (4-14)

Instead of an infinite series, we can derive a closed form expression for the exponential function.
For an n x n matrix A, we have

ert=a () + o (t)A + ay(t)AZ + ... + o,y (H)ANT (4-15)

The challenge is to find those coefficients a;(t), which we shall skip.t

1 Weonly need the general form of (4-15) later in Chapter 9. There are other properties of the
state transition matrix that we have skipped, but we have structured our writing such that they are
not needed here.
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[l 4.3.2 Controllable canonical form

While there is no unique state space representation of a system, there are “sandard” ones that
control techniques make use of. Given any state equations (and if some conditions are met), it is
possible to convert them to these standard forms. We cover in this subsection a couple of
important canonical forms.

A tool that we should be familiar with from introductory linear algebra is similarity transform,
which allows us to transform a matrix into another one but which retains the same eigenvalues. If
a state x and another X are related via a so-caled similarity transformation, the state space

representations constructed with x and X are considered to be equivalent.

For the n-th order differential equation: 2
yV+a yO Y+ +ay®+ay=ut) (4-16)
wedefine
X1 =Y, X =yWD, x3=y@ ... and x, =y (4-17)

The original differential equation can now be reformulated as a set of first order equations:

X.1 =Xy
X-2 = X3
(4-18)
Xp1 = Xn
and finally
Xn = —8pXp —8Xp — ... —&1Xn + U(t)
This set of equation, of course, can be put in matrix form asin Eqg. (4-1):
o 1 o .. O 0
o o 1 .. O 0
~ . . . (4-19)
x=| P |x+| P Ju=Ax+Bu
o o o .. 1 0
[, 4 QA .. -G 1
The output equation equivalent to Eq. (4-2) is
y=[100...0] x =Cx (4-20)

The system of equations in (4-19) and (4-20) is caled the controllable canonical form

1 That includes transforming a given system to the controllable canonical form. We can say that
state space representations are unique up to a similarity transform. As for transfer functions, we
can say that they are unique up to scaling in the coefficients in the numerator and denominator.
However, the derivation of canonical transforms requires material from Chapter 9 and is not crucial
for the discussion here. These details are provided on our Web Support.

2 Be careful when you read the MATLAB manual; it inverts the index of coefficients as in
yW+ay® P+ +a yP+ay. Furthermore, we use a simple RHS in the ODE. You'd find

more general, and thus messier, derivations in other texts.
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(also phase variable canonical form). As the name implies, this form is useful in doing
controllability analysisand in doing pole placement system design—topics that we will cover in
Chapter 9.

With all the zeros along the leading diagonal, we can find relatively easily that the characteristic
equation of A, |[sl —A|=0,is

S"+ag,4S+ . +aySs+a, =0 (4-21)

which is immediately obvious from Eq. (4-16) itself. We may note that the coefficients of the
characteristic polynomial are contained in the matrix A in (4-19). Matrices with this property ae
caled the companion form. When we use MATLAB, its canon() function returns a companion
matrix which is the transpose of A in (4-19); this form is caled the observable canonical form.
We shall seethat in MATLAB Session 4.

[0 4.3.3 Diagonal canonical form

Here, we want to transform a system matrix A into a diagonal matrix A that is made up of the
eigenvalues of A. In other words, al the differential equations are decoupled after the
transformation.

For a given system of equations in (4-1) in which A has distinct eigenvalues, we should find a
transformation with a matrix P:

X =P1x, or x=PX (4-22)
such that
X =Ax+Bu (4-23)

wherenow B = P-1B, and A = P-1AP is a diagonal matrix made up of the eigenvalues of A. The
transformation matrix (also called the moda matrix) P is made up of the eigenvectors of A. In
control, (4-23) is called the diagonal canonical form.

If A has repeated eigenvalues (multiple roots of the characteristic polynomial), the result, again
from introductory linear algebra, isthe Jordan canonical form. Briefly, the transformation matrix
P now needs a set of generalized eigenvectors, and the transformed matrix J = P-IAP is made of
Jordan blocks for each of the repesated eigenvalues. For example, if matrix A has three repesated
eigenvalues A, the transformed matrix should appear as

o AL 10
J:[SLJ ,,,,, ] where J;=| 0 A; 1 (4-24)
Ja 00X,

and J,, is a diagonal matrix made up of eigenvalues A 4,..., A,,. Since Chapter 9 later will not
make use of such cases, we shall |eave the details to a second course in modern control.

O Example 4.9: For a model with the following transfer function
Y _ 1

U™ (s+3)(s+2) (s +1),

find the diagonal and observable canonical formswith MATLAB.

The statements to use are:
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G=zpk([],[-1 -2 -3],1);

S=ss(0); %S is the state space system
canon(S) % Default is the diagonal form
canon(S, ' conmpani on') % This is the observabl e conpani on

Thereis no messy algebra. We can be spoiled! Further details arein MATLAB Session 4.

0 Review Problems
1. Fill in the gapsin the derivation of (E4-25) and (E4-26) in Example 4.7

2. Write down the dimensions of all the matrixes in (4-6) for the generd case of multiple-input
and multiple-output models. Takex tobe (nx 1),y (mx 1), andu (k x 1). And wheny and u
are scalar, COB isascaar quantity too.

3. Fill inthe gapsin the derivation of (4-9) from (4-3a).

4. For the SISO system shown in Fig. R4.4,
derive the state space representation. Show that u

3 X1=Y
the characteristic equation of the model matrix is —— (s +2) .
identical to the closed-loop characteristic

polynomial as derived from the transfer X 1
functions. 2
(s+5)
5. Derive Eq. (4-10).
6. Derive Eq. (4-12). Figure R4.4

7. Derive Eq. (4-23).

Hints:
2. Ais(nxn),B (nxk),C (mxn),® (nxn),and COB (m x k).

4. Multiply the K to the transfer function to give a gain of 3K. Then the rest is easier than
Example 4.6.

5. We multiply Eq. (4-1) by exp(-At) to give e At[x —Ax] = e AtBu, which is
oAty — oAt
dt[e X] = e AtBu
Integration with the initial condition gives

e Atx(t) —x(0) = fo ' e-ATBU(T) dt

which is one step away from Eqg. (4-10).
6. The Laplace transform of Eq. (4-1) with nonzero initial conditionsis
sX —x(0) = AX +BU
or
X = (sl —A)x(0) + (sl —A)BU
Substituting in the definition ®(s) = (sl —A)L, we have
X = ®d(s)x(0) + P(s)BU
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The time domain solution vector is the inverse transform

x(0) = L P(9)]x(0) + L[ P(s)BU]
and if we invoke the definition of convolution integral (from calculus), we have Eq. (4-12).
. We first substitute x = Px in Eq. (4-1) to give

dyo
Pth APX + Bu

Then we multiply the equation by the inverse P-1

dz=p2APz +P1Bu

which is (4-23).
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0 o. Design of State Space Systems

We now return to the use of state space representation that was introduced in Chapter 4. Asyou
may have guessed, we want to design control systems based on state space analysis. State feedback
controller isvery different from the classical PID controller. Our treatment remains introductory,
and we will stay with linear or linearized SISO systems. Nevertheless, the topics here should
enlighten(!) us as to what modern control is all about.

What are we up to?
« Evaluate the controllability and observability of a system.

» Pole placement design of state feedback systems. Application of
the Ackermann's formula.

» Design with full-state and reduced-order observers (estimators).

9.1 Controllability and Observability
—————————————————————————————————————— |

Before we formulate a state space system, we need to rai se two important questions. Oneis
whether the choice of inputs (the manipulated variables) may lead to changesin the states, and the
second is whether we can evaluate all the states based on the observed output. These are what we
call the controllability and observability problems.

[0 9.1.1 Controllability.

A system is said to be completely state controllable if there exists an input u(t) which can drive
the system from any given initial state x,(t,=0) to any other desired state x(t). To derive the
controllability criterion, let us restate the linear system and its solution from Egs. (4-1), (4-2), and
(4-10):

X = Ax + Bu (9-1)
y = CX (9-2

ad
X(t) = eAtx(0) + L e A0 BuY(T) dt ©3)

With our definition of controllability, there is no loss of generality if we choose to have
X(t) = 0, i.e., moving the system to the origin. Thus Eg. (9-3) becomes

t
x(0 :—f e ATBu(T) dt
0

(94
We next make use of Eq. (4-15) on page 4-14, i.e., the fact that we can expand the matrix
exponential function as a closed-form series:
At =ay(t)l + (A + a,()AZ2 + .. + a,_4(t)AMT (9-5)

Substitution of Eqg. (9-5) into (9-4) gives
= t
x(0) = — LZZ AK Bfo o (T)u(T) dt

We now hide the ugly mess by defining the (n x 1) vector B with elements



t
BUD = || ewDu(m

and Eq. (9-4) appears as
_ Bo
X(O):_ZZzAkBBk:_[BiABiAZBi'--iAn_lB] [3:1 (96)
Bn—l

If Eq. (9-6) isto be satisfied, the (n x n) matrix [B AB ... A™1B] must be of rank n. Thisisa
necessary and sufficient condition for controllability. Hence, we can state that a system is
completely controllable if and only if the controllability matrix

C,=[B AB AZB ... A™1B] 9-7)
is of rank n.

The controllability condition is the same even when we have multiple inputs, u. If we have
r inputs, then u is (r x 1), B is(nx r), each of the B, is (r x 1), B is(nr x 1), and C, is (n x nr).

When we have multiple outputs y, we want to control the output rather than the states.
Complete state controllability is neither necessary nor sufficient for actual output controllability.
With the output y = Cx and the result in (9-6), we can infer that the output controllability

matrix is
C,=[CB CAB CAZ2B ... CA™1B] (9-8)

If we have m outputs, y is(mx 1) and C is(mx n). If we also have r inputs, then the output
controllability matrix is (mx nr). Based on our interpretation of Eg. (9-6), we can also infer that to
have complete output controllability, the matrix in (9-8) must have rank m.

[l 9.1.2 Observability

The linear time invariant system in[Egs. (9-1) and (9-2)|is completely observableif every initial
state x(0) can be determined from the output y(t) over afinite time interval. The concept of
observability is useful because in a given system, all not of the state variables are accessible for
direct measurement. We will need to estimate the unmeasurable state variables from the output in
order to construct the control signal.

Since our focus s to establish the link between y and x, or observability, it sufficesto
consider only the unforced problem:

X = AX (9-9)

y = CX (9-10)
Substitution of the solution of (9-9) in (9-10) gives
y(t) = CeAtx(0)
We again take that we can expand the exponential function asi n. Thus we have

_ C
Y0 = 2 A0 =[ a0y~ oy ]| CA |x(0) (@1

CA‘” -1



With the same reasoning that we applied to[Eq. (9-6)| we can infer that to have complete
observability, the observability matrix 1

C
0,=| CA

can-t

must be of rank n. When we have m outputs, y is(mx 1), C is(mx n), and Oy, is (mn x n).

[1 Example 9.1: Consider a third order model:

0 1 0 0
A= 0 0 1|, B=|0o|, c=[100]
-6 -11 -6 1

which is the controllable canonical form of the problem in (p. 4-16). Construct the
controllability and observability matrices.

To compute the controllability matrix, we can use the MATLAB function ct r b()
A[0 10, 001; -6-11 -6];

B=[0; 0; 1];

Co=ct rb(A, B)

Or we can use the definition itself:

Co=[ B A*B A 2*B]

Either way, we should obtain

0 01
0 1-6
1-625

C,=

which has arank of 3 and the model is completely state controllable.

Similarly, we can use the MATLAB function obsv() for the observability matrix

C10 0];
Gh=0bsv(A, O

Or we can use the definition:

@=[C CA CAZ

We should find that Cb is the identity matrix, which of course, is of rank 3.

1 Controllability and observability are dual concepts. With C = BT and A = AT, we can see that
Ob = COT.

(9

12)



[l Example 4.8A: We now revisit the[fermentor example 4.§| (p. 4-11). Our question is
whether we can control the cell mass and glucose concentration by adjusting only D.

From|Eg. (E4-38)|in Example 4.8, we have

A= 0 C B = —-C;

E _& ‘_u , Cl

Y Y Y

First, we evaluate

2.
0 o ||-c| | K
AB= = )
Cy . C, CiH

¢, ciy

C,=[B AB] = v
1 Ci

Y &

Since the determinant of C, is 0, the rank of C, is 1, both cell mass and substrate cannot be

controlled simultaneously by just varying D. The answer is quite obvious with just a bit of
intuition. If we insist on using D as the only input, we can control either C, or C,, but not both

quantities. To effectively regulate both C, and C,, we must implement a system with two inputs.
An obvious solution is to adjust the glucose feed concentration (C,,) as well as the total flow rate
(dilution rate D).

Now, we'll see what happens with two inputs. Compared with[Eqg. (E4-38), A remains the

same, while B in[Eq. (E4-47)|is now a (2 x 2) matrix with arank of 2. Hence the controllability
matrix C, =[B AB] isa(2 x 4) matrix and it must have arank of 2 (since at least B is), and
both C; and C, are controllable.



9.2 Pole Placement Design
e SSEEBiassssssssssSSSSG—————

[0 9.2.1 Pole placement and Ackermann's formula.

When we used root locus for controller design in Chapter 7, we chose a dominant pole (or a
conjugate pair if complex). With state space representation, we have the mathematical tool to
choose all the closed-loop poles. To begin, we restate the state space model in[Egs. (4-1) and (4-2)f

X = AX + Bu (9-13) o B Ve 1l=xTc y
- +
y = Cx (9-14) A
K

With a control system, the input u
is now the manipulated variable that is Figure 9.1. Closed-loop system with state feedback
driven by the control signal (Fig. 9.1).
For the moment, we consider only the
regulator problem and omit changes in the set point. We state the simple control law which
depends on full state feedback as

u(t) = = Kx = —Kxq(t) Koxo(t) ... K Xn(t) (9-15)
where K isthe state feedback gain (1 x n) vector. In this formulation, the feedback
information requires x(t), meaning that we must be able to measure all the state variables.

We now substitute Eq. (9-15) in (9-13) to arrive at the system equation

X = (A — BK)X (9-16)

The eigenvalues of the system matrix (A —BK) are called the regulator poles. What we want is to
find K such that it satisfies how we select all the eigenvalues (or where we put al the closed-loop
poles).

To do that easily, we first need to put our model (9-13) in the controllable canonical form as
in Eq. (4-19) on page 4-15:

0 1 0 0 0
0 0 1 0 0
9-1
X= : : X+| :|u 1)
0 0 o .. 1 0

[, Q4 8 ... =G, 71

After substituting for u with Eg. (9-15), the system matrix in (9-16) is

0 1 0O 0 0
0 0 1 0 0
A—BK = - K Ky K,
0O 0 O 1 0
| A A 1

or



0 1 0 0
0 0 1 0
A-BK = : s (9-18)
0 0 0 1
9K, &K, -K; =K,

Asin[EqQ. (4-2T)]on page 4-16, the closed-loop characteristic equation [sl — A + BK| = 0 will
appear as

S+ (@ + K)S™L+ o+ (8 + Ko)s+ (3 + Ky) =0 (9-19)

We next return to our assertion that we can choose all our closed-loop poles, or in terms of
eigenvalues, A, A, ... A,,. Thisdesired closed-loop characteristic equation is

(s=A)(=Ay)... (s=Ap) ="+0,3" 1+ ... +0;8s+0,=0 (9-20)

where the coefficients a; are computed by expanding the termsin the LHS. By matching the
coefficients of like power of sin Egs. (9-19) and (9-20), we obtain

Q+ Ky =0o
at+ K2 =0aq
ang t+ Kn =0Up1

Thusin general, we can calculate all the state feedback gainsin K by
Ki=ai1 —a8_. ,i=1,2,...n (9-21)

Thisisthe result of full state feedback pole-placement design. If the system is completely
state controllable, we can compute the state gain vector K to meet our selection of all the closed-
loop poles (eigenvalues) through the coefficients a;.

There are other methods in pole-placement design. One of them isthe Ackermann's
formula. The derivation of Eq. (9-21) predicates that we have put|(9—13) n the controllable
canonical form. Ackermann's formula only requires that the systen (9-13)|be completely state
controllable. If so, we can evaluate the state feedback gain as

K=[00...1[B AB ... A™B]-la(A) (9-22)
where
0(A) = A"+ a1 A+ L+ 0,A +ayl (9-23)

is the polynomial derived from the desired eigenvalues asin (9-20), except now a(A) isan (nx n)
matrix.

[0 9.2.2 Servo systems.

We now re-introduce the change in reference, r(t). We will stay with analyzing a single-input
single-output system. By a proper choice in the indexing of the state variables, we select x; = y.
In afeedback loop, the input to the process model may take the form

u(t) = Ker(t) — Kx(t)

1 Roughly, the Ackermann’s formula arises from the application of the Cayley-Hamilton theorem
to (9-20). The details of the derivation are in our Web Support.
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where K is some gain associated with the change in the reference, and K is the state feedback gain
as defined in (9-15). One of the approaches that we can take isto choose Ky = K4, such that u(t) is

u(t) = Ky[r(t) = xa(t)] — Koxo(t) — ... — Kpxn(t) (9-24)
where we may recognize that r(t) — x4(t) isthe error &(t).

The system equation is now
X = AX + B[K r —KXx]
or
X = (A —BK)x + BKyr (9-25)

The system matrix and thus design procedures remain the same as in the regulator problem in Eq.
(9-16).1

r e[ 1 | Xm + + T ] x y = X1
— = —{Kmi[~Q— B O = c
A

Figure 9.2. State feedback with integral control.

[0 9.2.3 Servo systems with integral control.

Y ou may notice that nothing that we have covered so far doesintegral control asinaPID
controller. To implement integral action, we need to add one state variable asin Fig. 9.2. Here, we
integrate the error [r(t) —x,(t)] to generate the new variable x,,1. This quantity is multiplied by the
additional feedback gain K ,,1 before being added to the rest of the feedback data.

The input to the process model now takes the form

U(t) = Kn+1Xn+1(t) - KX(t) (9'26)

1 The system must be asymptotically stable. At the new steady state (ast —> ), we have
0= (A —BK)x() + BK;r(c)
and subtracting this equation from (9-25), we have

X = (A = BK)(x = X(e0)) + BKy(r —r(c0))
If we define e = X —x(e), and also r(t) as a step function such that r is really a constant for t > 0,
the equation is simply

e=(A -BK)e

Not only is this equation identical to the form in Eq. (9-16), but we also can interpret the analysis
as equivalent to a problem where we want to find K such that the steady state error e(t) approaches
zero as quickly as possible.



The differential equation for X1 IS

Xns1 = I(t) — Cx (9-27)

We have written x; =y = Cx just so that we can package this equation in matrix form in the next

step. Substitution of Eq. (9-26) in the state model (9-13) and together with (9-27), we can write
this (n + 1) system as

Xn+1

Xn+1 1

_|A-BK BKyy
| -C 0

0} r (9-28)

In terms of dimensions, (A —BK), B and C remain, respectively, (nxn), (nx 1), and (1 x n). We
can interpret the system matrix as
A-BKBK,,;

-Cc o0

:[—AC 8Hg][K Kner|=A —BR (9-29)

where now our task isto find the (n + 1) state feedback gains
K =[K Kl (9-30)
With Eq. (9-29), we can view the characteristic equation of the system as
N NN
[sl —-A+BK|=0 (9-31)
which isin the familiar form of the probelm in (9-16). Thus, we can make use of the pole-

placement techniques in Section 9.2.1.

[0 Example 9.2: Consider the second order model in Example 9.1. What are the state feedback
gains if we specify that the closed-loop poles are to be at —3+3j and —6?

With the given model in the controllable canonical form, we can use Eq. (9-21). The MATLAB
Statements are:

A-[010; 001, -6 -11 -6]; % Shoul d find

pl=pol y(A) %[1 6 11 6], coefficients a in (9-19)
P=[-3+3] -3-3j -6];

p2=pol y(P) %[1 12 54 108], coefficients o; in (9-20)
p2-pl %[0 6 43 102], K as in Eg.(9-21)

To obtain the state feedback gains with Eq. (9-21), we should subtract the coefficients of the
polynomial p1 from p2, starting with the last constant coefficient. The result is, indeed,

K = (Ky, Ky, K3) = (108-6, 54-11, 12-6) = (102, 43, 6)

Check 1. The same result can be obtained with the MATLAB function acker () which usesthe
Ackermann's formula. The statements are:

B=[0; 0; 1];
acker (A B, P) Yshoul d return [102 43 6]

Check 2. We can do the Ackermann's formula step by step. The statements are:
M:[B A*B A*2*B]; %ontrollability matrix

ac=pol yval n{(p2, A ; %&q. (9-23)
[0 0 1]*inv(M*ac %&q. (9-22)



To evaluate the matrix polynomial in Eg. (9-23), we use the MATLAB function pol yval m()
which applies the coefficientsin p2 to the matrix A.

00 Example 4.7B: Let us revisit the two CSTR-in-series problem in (p. 4-5). Use
the inlet concentration as the input variable and check that the system is controllable and
observable. Find the state feedback gain such that the reactor system is very slightly underdamped
with adamping ratio of 0.8, which is equivalent to about a 1.5% overshoot.

From|(E4-27) of Example 4.7, the modél is
Cl _
C,|
and C, is the only output. We can construct the model and check the controllability and
observability with

~50
2 —4

4

c
Ly
0

%)

d

dt C

(o]

A=[-5 0; 2 -4];

B=[4; 0];

C[0 1];

D=0;

rank(ctrb(A B)) %houl d find rank = 2
rank(obsv(A Q) % for both matrices

Both the controllability and observability matrices are of rank two. Hence the system is
controllable and observable.

To achieve adamping ratio of 0.8, we can find that the closed-loop poles must be at —4.5+3.38j
(using a combination of what we learned in Example 7.5 and Fig. 2.5), but we can cheat with
MATLAB and use root locus plots!

[g,p] =ss2tf(A B, C D; %onverts state space to transfer functi ont
G=tf(q,p);

rl ocus( )

sgrid(o.8,1)

[ke,Pl=rlocfind(®) %hould find kc = 1.46

We now apply the closed-loop poles P directly to the Ackermann’s formula:
K=acker (A, B,P) %hould find K= [0 1.46]

The state space state feedback gain (K.) related to the output variable C, is the same as the
proportional gain obtained with root locus. Given any set of closed-loop poles, we can find the
state feedback gain of a controllable system using state-space pole placement methods. The use of
root locus is not necessary, but it is a handy tool that we can take advantage of.

Y Another way here is to make use of the analytical result in Example 4.7
G=zpk([],[-5 -4],8); %ransfer function C/Co taken from (E4- 30a)
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0 Example 4.7C: Add integral action to the system in S0 we can eliminate the
steady state error.

To find the new state feedback gain is a matter of applying Eq. (9-29) and the Ackermann’s
formula. The hard part is to make an intelligent decision on the choice of closed-loop poles.
Following the lead of Example 4.7B, we use root locus plots to help us. With the understanding
that we have two open-loop poles at —4 and -5, a reasonable choice of the integral time constant is
1/3 min. With the open-loop zero at —3, the reactor system is always stable, and the dominant
closed-loop poleisreal and the reactor system will not suffer from excessive oscillation.

Hence, our first step isto use root locus to find the closed-loop poles of a Pl control system with
adamping ratio of 0.8. The MATLAB statements to continue with Example 4.7B are:

kc=1; taui=1/3;

CGe=tf(ke*[taui 1],[taui 0]);

rlocus(&x*Q®); %p is fromExanple 4. 7B
sgrid(o0.8,1)

[ke, Pl=rlocfind(G*@) %houl d find proportional gain kc=1.66

The closed-loop poles P are roughly at —2.15 and —3.43+2.62], which we apply immediately to the
Ackermann’s formula using A and Bin Eq. (9-29):

Ah=[ A zeros(2,1); -CO0]; %q. (9-29)
Bh=[ B, 0];
Kh=acker ( Ah, Bh, P) %hould find Kh = [0 1.66 —4.99]

The state feedback gain including integral control K is [01.66 —4.99]. Unlike the ssimple
proportional gain, we cannot expect that K, ., = 4.99 would resemble the integral time constant in
classical Pl control. To do the time domain simulation, the task is similar to the hints that we
provide for Example 7.5B in the Review Problems. The actual statements will also be provided on
our Web Support.

[J Example 7.5B: Consider the second order system in[Example 7.5](p. 7-9). What are the state
feedback gains if we specify that the closed-loop poles are to be —0.375+0.382] as determined in
Example 7.5A (p. 7-15)?

The problem posed in Examples 7.5 and 7.5A is not in the controllable canonical form (unless we
do the transform ourselves). Thus we will make use of the Ackermann's formula. The MATLAB
statements are:

G=tf(1,conv([2 1],[4 1])); %/bke the state space object from
S=ss( 09 ; % the transfer function
scal e=S.c(2); %escal e MATLAB nodel natrices

S.c=S.c/scal e; S b=S. b*scal €;
P=[-0.375+0.382] -0.375-0.382j]; %efine the closed-|oop pol es
k=acker(S.a,S. b, P) %l cul at e the feedback gai ns

MATLAB will return the vector [0 1.29], meaning that K, = 0, and K, = 1.29, which was the
proportional gain obtained in Example 7.5A. Since K, = 0, we only feedback the controlled
variable as analogous to proportional control. In this very simple example, the state space system
isvirtually the classical system with a proportional controller.
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A note of caution is necessary when we let MATLAB generate the state space model from atransfer
function. The vector C (from S. ¢) is[0 0.5], which means that the indexing is reversed such that
X, isthe output variable, and x, isthe derivative of x,. Secondly, C isnot [0 1], and hence we
have to rescale the matrices B and C. These two points are further covered in MALTA Session 4.

X —
ro. u Process L u
— (Plant) | B ot 1
+ J+ LS
| A
KX State
Estimator - Ke
Figure 9.3. Concept of using a state estimator to Figure 9.4. A probable model for a state estimator.

generate an estimated state feedback signal.

9.3 State Estimation Design

0 9.3.1. State estimator.

The pole placement design predicates on the feedback of all the state variables x (Fig. 9.1). Under
many circumstances, this may not be true. We have to estimate unmeasureabl e state variables or
signals that are too noisy to be measured accurately. One approach to work around this problem is
to estimate the state vector with amodel. The algorithm that performs this estimation is called
the state observer or the state estimator. The estimated state X isthen used as the feedback
signal in acontrol system (Fig. 9.3). A full-order state observer estimates all the states even when
some of them are measured. A reduced-order observer does the smart thing and skip these
messurable states.

The next task isto seek amodel for the observer. We stay with a single-input single-output
system, but the concept can be extended to multiple outputs. The estimate should embody the
dynamics of the plant (process). Thus one probable model, as shown in Fig. 9.4, is to assume that
the state estimator has the same structure as the plant model, asin Egs. (9-13) and (9-14), or Fig.
9.1. The estimator aso has the identical plant matrices A and B. However, one major difference

is the addition of the estimation error, y — ¥, in the computation of the estimated state X.

The estimated state variables based on Fig. 9.4 can be described by (detailsin Review
Problems)

X = AX+Bu+Kgly —CX)
= (A —Kec)i + BU + Key (9'32)

Here,y = CX has been used in writing the error in the estimation of the output, (y — ). The (n x
1) observer gain vector K ¢ does aweighting on how the error affects each estimate. In the next two
sections, we will apply the state estimator in (9-32) to a state feedback system, and see how we

can formulate the problem such that the error (y —Y) can become zero.
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Figure 9.5. A regulator system with controller-estimator

[0 9.3.2. Full-order state estimator system

A system making use of the state estimator is shown in Fig. 9.5, where for the moment, changes
in the reference is omitted. What we need is the set of equations that describe this regulator system
with state estimation.

By itself, the estimator in Eq. (9-32) has the characteristic equation:
Isl —A +KeC|=0 (9-33)
Our intention is to use the estimated states to provide feedback information:
u=-KX (9-34)
The state space model Eg. (9-13) now appears as
X = AX + Bu= Ax - BKX (9-35)

If we substitute y = Cx in (9-32), we can integrate Egs. (9-32) and (9-35) simultaneously to
compute x(t) and X(t). In matrix form, this set of 2n equations can be written as

aix|_

|=

X

; (9-36)

K A—-K.C-BK

(@}
—

[0 9.3.3. Estimator design

With Eqg. (9-36), it is not obvious how K ¢ affects the choices of K. We now derive aform of (9-

36) that is based on the error of the estimation and is easier for us to make a statement on its
properties. We define the state error vector as

e(t) = x(t) — X(t) (9-37)
Subtract Eqg. (9-32) from (9-35), and use y = Cx, we should find
X—X)=(A-Kel)(x-X) or e=(A-Ke)e (9-38)

This error equation has the same characteristic equation as the estimator in Eq. (9-33). The goal is
to choose eigenvalues of the estimator such that the error decays away quickly. We may note that
the form of (9-38) is the same as that of the regulator problem. Thus we should be able to use the



tools of pole-placement for the estimator design. In fact, we can apply, without derivation, a
modified form of Ackermann’sformulato evaluate

-1

C 0
Ke=0agA) CA 9 (9-39)
CA-1 1
where as analogous to Eq. (9-20),
Oeg(S) ="+ 0,481+ ... +a;s+a, (9-40)

is the polynomial derived from our own chosen estimator eigenvalues. Eq. (9-39) is different from
Eq. (9-22) because we are now solving the dual problem for the (n x 1) vector K.

Next, we can replaceX in Eq. (9-35) by the definition of the error vector, and the equation
becomes

X = Ax —BK (x — €) (9-41)

Egs. (9-38) and (9-41) can be put in matrix form as

X A-BK BK X
= B R 9-42
N 42
Now, it is clear that the characteristic equation of the controller-estimator system is
[sl —A +BK]||sl —A +KgC|=0 (9-43)

We have the very important result that choices for the eigenvalues for the pole-placement design
and the observer design can be made independently. Generally, we want the observer response to be
two to five times faster than the system response. We should not have to worry about saturation
since the entire observer is software-based, but we do have to consider noise and sensitivity
problems.

[0 Example 9.3: Consider the second order mode! in Example 9.1, which we have calculated the
state feedback gains in Example 9.2. What is the observer gain vector K ¢ if we specify that the
estimator error should have eigenvalues —9 repeated thrice?

With eigenvalues selected at —9, we have chosen the estimator to be faster than the state feedback,
and all the errors are to decay exponentially. We'll make use of the Ackermann’sformulain Eq. (9-
39) for observer gains. The MATLAB statements are:

A-[010; 001; -6 -11 -6]; %ef i ne the nodel
B=[0; 0; 1];
Cf{1 0 0];

pe=pol y([-9 -9 -9]); %hke estimator pol ynonial (9-40)
ae=pol yval n{pe, A);

=[G CA CA2Z];

Ke=ae*i nv(Ch) *[0; 0O; 1] %Eq. (9-39)

We should find that Ke = (21, 106, —144). The estimator calculations are purely mathematical, and
the values of the observer gains can be negative. Furthermore, we can check that the system of
equations in Eq. (9-42) has the correct eigenvalues as suggested by Eq. (4-43).



K=[ 102 43 6]; %-eeback gains cal cul ated from Exanpl e 9.2
All=A-B*K; YBubnatrices in Eq. (9-42)

Al2=B*K;

A21=zeros(3, 3);

A22=A- Ke*C,

Bl GAS[ A1l Al2; A21 A22];

ei g(Bl &)

Indeed, we should find that the big matrix Bl GA has eigenvalues —3+3j, —6, and —9 repeated three
times.

[0 9.3.4. Reduced-order estimator

We should not have to estimate variables that we can measure. It islogical to design areduced-
order estimator which estimates only the states that cannot be measured or are too noisy to be
measured accurately. Following our introductory practice, we will consider only one measured
output. The following devel opment assumes that we have selected x; to be the measured variable.

Hence, the output is

y=Cx=[10... 0] x (9-44)
Next, we partition the state vector as
X
x=[3| (9-45)

where Xe = [X5 ... X,] contains the (n — 1) states that have to be estimated. The state model
equation (9-13) is partitioned accordingly as

Xy
Xe

ap Age
AelAee

X
Xe

+

gl] u (9-46)

where the dimensions of A1g, Aer, Aee are, respectively, (1 x n-1), (-1 x 1), and (-1 x n-1),
and that of Beis(n—1x 1).

The next task isto make use of the full state estimator equations. Before that, we have to
remold Eq. (9-46) asif it were afull state problem. This exercise requires some careful
bookkeeping of notations. Let’s take the first row in Eq. (9-46) and make it to constitute the
output equation. Thus we make a slight rearrangement:

X1 — &1X1 — biu = AeXe

such that it takes the form of y = Cx. We repeat with the second row of (9-46) and put it as
Xe = AgeXe + (AerXy + Bel)

such that it can be compared with X = Ax + Bu.
The next step is to take the full state estimator in Eq. (9-32),
k = (A —Kec)i +Bu + Key

and substitute term by term using the reduced-order model equations.! The result is, finally,

1 The matching of terms for reduced-order substitution in Eq. (9-31) to derive (9-47) to (9-49):



Xe = (Aee — KerA1e)Xe + (AerXy + Bell) + Ker(Xy —ay1x; — byu) (9-47)
which isthe reduced-order equivalent to (9-32). Note that in this equation, x; = y.

The computation of the (n — 1) weighting factorsin K g can be based on the equivalent
form of Eqg. (9-38). Again, doing the substitution for the notations, the error estimate becomes

e=(Aee—KerAre)e (9-48)

which means that the Ackermann’s formulain Eq. (9-39) now takes the form

-1

Ale 0
A
Ka=adhe | 1 o (9-49)
WISE!

We are not quite done yet. If we use EqQ. (9-47) to computeXeg, it requires taking the
derivative of x,, an exercise that can easily amplify noise. So we want a modified form that allows
usto replace this derivative. To begin, we define anew variable

Xe1 =Xe —KerXy (9-50)

Thisvariable is substituted into (9-47) to give

(X e1 + KerX1) = (Aee = KerA1e)(Rer + KerXa) + (AerXs + Bell) + Ker(Xq — 811X1 — byu)
After cancellation of the derivative term, we have
X e1 = (Aee —KerA1e)Xer
+ (AeeKer —KerA1eKer + Agr —Kgrany)Xs + (Be —Kerby)u (9-51)

This differential equation is used to computeXg;, which then is used to calculate Xg with (9-50).
With the estimated states, we can compute the feedback to the state space model as

X1

u= - Ky KL 3.

(9-52)

The application of Egs. (9-50) to (9-52) is ahit involved and best illustrated as shown in Fig. 9.6.

FEull-order state estimator Reduced-order state estimator

X Xeo
y X; —ay1X; —byu
C A
A Ace
Ke, (nX 1) Ker7 (n—lx 1)

Bu AgiXq + Beu



X y =X
r(t u(t 1
® O ® Process C
K Xe ~ X e1 Reduced-order
le ]’ estimator
Ker

Ky

Figure 9.6. State feedback with reduced-order estimator

[l Example 9.4: Consider the estimator in Example 9.3, what is the reduced-order observer gain
vector K g if we specify that the estimator error should have eigenvalues —9 repeated twice?

We can use Eq. (9-49), and the MATLAB statements are;

As[010; 001; -6-11 -6];

Nesi ze(A 1)

all=A(1,1); %xtract matrix partitions as in Eq. (9-46)
Ale=A(1,2: N ;

Ael=A(2:N 1);

Aee=A(2:N 2:N);

pe=pol y([-9 -9]); %hke estimator pol ynoni al
ae=pol yval n{ pe, Aee) ;

o=[ Ale; Ale*Aee];

Ker=ae*i nv(Ch) *[ 0; 1] %qg. (9-49) for n=2

We should find that Kgr = (12 -2).

After al this fancy mathematics, we need aword of caution. It is extremely dangerous to
apply the state estimate as presented in this chapter. Why? The first hint isin Eq. (9-32). We have
assumed perfect knowledge of the plant matrices. Of course, we rarely do. Furthermore, we have
omitted actual terms for disturbances, noises, and errors in measurements. Despite these drawbacks,
meaterial in this chapter provides the groundwork to attack serious problemsin modern control.

Review Problems

1. For the second order transfer function
Y | 1
U &@420w s+ 02

derive the controllable canonical form. If the desired poles of a closed-loop system areto be
placed at A, and A,, what should be the state feedback gains?

2. Presume we do not know what the estimator should be other than that it has the form



X =FX + Gu+Hy
Find Eq. (9-32).

3. Do thetime response simulation in Example 7.5B. We found that the state space system has a
steady state error. Implement integral control and find the new state feedback gain vector.
Perform atime response simulation to confirm the result.

4. With respect to Fig. R9.4, what is the R=0 Y u v
transfer function equivaent to the Gec State space —
controller-estimator system in Eq. (9- model
32)? B

Figure R9.4

Hints:

1. The controllable canonical form was derived in Example 4.1. The characteristic polynomial of
(sl —A + BK) should be

§+ (2Lw,+ K)s+ (w, +K) =0
The characteristic polynomia of desired polesis
S+ N\ +A)S+AA, =0
Thus
Ki= M-, and  K,= (A + Ay — 20w,
2. The Laplace transform of the given eguation is
sX =FX +GU +HY
Substituting Y = CX, we have
X =(sl -F)[GU + HCX]
We further substitute for X = (sl —A)"1BU with the simple state space model to give
X =(sl -F)G + HC(sl -A)'B]U

What we want is to dictate that the transfer function of this estimator is the same as that of the
state space model:

(sl =F)[G + HC(sl -A)1B] = (sl -A)"B
Move the second term to the RHS and factor out the (sl —A)1B gives
(sl =F)1G =[I — (sl -F)"HC](sl -A)1B
Thus we can multiply (sl —F) to both sides to have
G =[(sl -F) —HC](sl -A)B
Andfinaly,
[(sl F)-HC]IG = (sl -A)"'B
Compare term by term, we have
F+HC=A, oF=A-HC
ad
G=8B
This result is what we need in (9-32) if wealso set H = Ke.



3. For the time response simulation, we also duplicate the classical control design for

comparision. Both classical and state space results have the same damping ratio, but not system

steady state gain. The statements are:

Gtf(1,conv([2 1],[4 1]));

S=ss(Q; 9VATLAB uses reverse i ndexi ng
scal e=S.c(2); %\nd need to rescale B and C too
S. c=S. c/ scal e;

S. b=S. b*scal e;

P=[-0.375+0.382] -0.375-0.382j]; %efine the closed-|oop pol es
K=acker (S.a, S. b, P)

%onpute the systemmatrices for plotting

A =Sa- Sb*K %Whakes systemmatrix, Eq. (9-25)
B = S b*K(2)

C=Sc

D=0;

step(A B, G D

hold %0 add the classical design result

Gl =f eedback( 1. 29*G 1) ;

%c=1.29 was the proportional gain obtained in Exanple 7.5A
step(&l)

To eliminate offset, we need Section 9.2.3. With an added state due to integration, we have to
add one more closed-loop poles. We choose it to be —1, sufficiently faster than the real part of

the complex poles. The statements are:

Gtf(1,conv([2 1],[4 1]));
S=ss(Q; Y%=enerates the nmatrices S.a, S.b, S.¢c, S.d

Ah=[S.a zeros(2,1); -S.c 0] %A in (9-29)

Bh=[S. b; 0] %B

P=[ - 0. 375+0. 382 -0.375-0.382] -1]; %dd a faster pole at -1
kh=acker ( Ah, Bh, P) %-head in (9-29) %K

We should find K = [2 3.6 -2.3].Todothetimeresponse simulation, we can use:

Asys=Ah- Bh*kh; WBystemmatri x (9-29)
Bsys=[0; 0; 1]; %ol | ows (9-28)
Gsys=[S.c 0O];

step(Asys, Bsys, Gsys, 0)

4. For the estimator, y is the input and u the output. With u = —Kx , the Laplace transform of Eq.

(9-32) is
[sl —A + KeC + BK]X(S) =KgY(9)
or X(s) =[sl —A +KeC + BK]K Y ()

We now substitute X back in the Laplace transform of u=—-KX to obtain
U(s) = K[sl —A + KC + BK] K Y () = —Gee(9)Y (9)
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