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ABSTRACT. This paper considers data driven synthesis analysis for internal model con-
trol strategy from both the theoretical perspective and industrial applications. Specifically,
from the purpose of theoretical illustration, after internal model control structure is re-
viewed, one interesting equivalent property between internal model control and closed
loop control is established, showing all theoretical results can be extended to more gen-
eral closed loop case. Due to the existence of one necessary identified plant, the detailed
modeling process for the identified plant is yielded to two explicit forms, i.e., nonpara-
metric estimate as a linear rough value and nonlinear estimate on basis of multidimen-
sional Taylor network structure. Based on the obtained identified plant, the feedforward
controller and feedback filter are all devised through prediction error method and model
reference method, respectively. Prediction error method centers around minimizing both
input prediction and output prediction error, and model reference method is to achieve
dual missions, i.e., perfect tracking and disturbance rejection. Roughly speaking, all the-
oretical results combine identification, optimization and control together into internal
model control in order to complete the existing research. Finally, some simulations are
given to prove our theoretical derivations about the identified plant and controller design
from minimizing error, model mismatching and disturbance rejection.

Keywords: Internal model control, Equivalence, Plant estimate, Prediction error, Mod-
el reference, Disturbance rejection

1. Introduction. Dynamical system theory provides a paradigm for modeling and stu-
dying phenomena that undergo spatial and temporal evolution. A dynamical system con-
sists of three elements, i.e., a setting in which the dynamical behavior takes place, such as
a term, topological space, manifold or locally compact metric space, a mathematical rule
or dynamic which specifies the evolution of the system over time, and an initial condition
from which the system starts at some initial time. During past century, dynamical system
theory quickly spread from the study of astronomical bodies to modeling and studying
numerous physical phenomena occurring in nature involving changes over time, and it
has become one of the most important and fundamental fields of modern science and en-
gineering. The application of dynamical systems has crossed interdisciplinary boundaries
from chemistry to biochemistry to chemical kinetics, from medicine to biology to popula-
tion genetics, from economics to sociology, and from physics to mechanics to engineering.
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Then increasingly complex nature of engineering systems requiring feedback control to
obtain a desired system behavior also gives rise to dynamical systems. Feedback control
theory involves the analysis and synthesis of a feedback controller that manipulates sys-
tem inputs to obtain a desired effect on the output of the system in the face of system
uncertainty and system disturbance or noise. Furthermore, since most physical and en-
gineering systems are inherently unclear, the resulting feedback dynamical system can
exhibit a very rich dynamical behavior.

As in recent years, open loop control system has been replaced by closed loop control
system gradually, which adds a feedback path to the input part, thus improving the per-
formances, for example, trajectory tracking, disturbance or noise rejection, and output
mismatching. Furthermore, as two controllers exist in the so-called closed loop control sys-
tem, the control accuracy and other closed loop stability are also improved greatly. Based
on the nice properties of closed loop control system, now closed loop control is more widely
considered in both academia and practical industry than the original open loop control,
and some adjustments are also proposed on the basis of the mature contributions to the
closed loop control system. Internal model control, proposed in 1982, is a special closed
loop control structure, due to its simple tracking, good regulation performance, strong
robustness and ability to eliminate unmeasurable disturbances. Based on the structure of
internal model control, its uniqueness lies in the fact that the feedback signal is not the
direct output signal, but the difference signal or an error signal. This error signal corre-
sponds to the difference between the output signals, obtained from the actual plant, and
the identified plant, respectively. Here, for the sake of understanding, the output for the
actual plant is named as actual output, and meanwhile, the output for the identified plant
is the identified output. The error signal between the actual output and identified output
is returned to the input part. Due to the appearance of the identified plant, firstly we need
apply the physical modeling or system identification theory to constructing a mathemat-
ical model or equation as the identified plant, corresponding to the important modeling
or identification process. It means within the detailed internal model control strategy, the
first premise is to model the unknown plant; then the error, representing the identification
accuracy, is returned to achieve the feedback function. When the identification accuracy
is nice, i.e., zero error, internal model control is reduced to the common simple open loop
control structure. Thus, the latter internal model controller is dependent on the identi-
fication accuracy of that unknown plant. However, external disturbance or noise cannot
be avoided in practice, for example, closed loop input-output noise, process noise, and
plant uncertainty, thus affecting the consequent identification process and internal model
controller design process, so our goal in this paper is to combine identification and control
into internal model control, while considering disturbance rejection and perfect tracking
or model mismatching together to guarantee the achieved control accuracy.

Due to the fact that the number of references on internal model control is vast, here
we only list some new contributions. [1] explores the use of control affine neural nonlinear
autoregressive models for nonlinear system identification and model based control design,
and [2] proposes a novel framework — neural internal model control with reinforcement
learning based control to enhance robustness. A new adaptive based proportional con-
trol within the framework of internal model control is employed in various industries,
including waster water treatment, water desalination and car factory [3]. Furthermore,
data driven control is combined with internal model control [4], being model free, i.e.,
not requiring the mathematical model. [5] points out that data driven internal model
control only requires the past input and output data to estimate the unknown system’s
behavior and then incorporates the estimate into a robust control scheme that compen-
sates the unknown uncertainty and disturbance. Another key feature is the application
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of a new adaptive internal model controller [6], avoiding the problem of overestimating
the control gains. During these years, our team also has some contributions about inter-
nal model control, for example, combination with virtual reference feedback tuning and
internal model control [7], recursive parameter identification for internal model control
8], optimal input signal design for internal model control [9], model structure validation
[10], adaptive internal model control [11], and direct data driven internal model control
[12]. Generally, internal model control corresponds to model-based control for closed loop
control structure, i.e., first modeling and second control iteratively.

Based on above explanation and description on internal model control, this paper con-
tinues to do some contributions for internal model control from both points of plant
identification and controller design while achieving dual missions, i.e., perfect tracking
and disturbance rejection. More specifically, firstly after reviewing the detailed structure
of internal model control and some preliminaries about system theory, then secondly, the
equivalence between internal model control and closed loop control structure is proved to
show the closed relations between the feedforward controller and feedback filter. As it is
necessary to obtain the identified plant, thirdly we turn to internal model identification,
i.e., applying system identification theory to getting a mathematical model, named the
identified plant in nonparametric estimate and nonlinear estimate, respectively. By virtue
of our identified plant, the explicit internal model controller is designed to achieve our
dual missions, i.e., perfect tracking or model mismatching and disturbance rejection with-
in two different circumstances. All above works concentrate on plant identification and
controller design only through our own mathematical derivations about advanced control
theory. Both plant identification and controller design communicate with each other to
guarantee the idea zero tracking error and above two mentioned missions. After reviewing
the internal model control structure, an interesting equivalent property between internal
model control and closed loop control is established, showing all theoretical results can
be extended to more general closed loop cases. Due to the existence of a necessary identi-
fied plant, the detailed modeling process for the identified plant is yielded to two explicit
forms, i.e., the nonparametric estimate as a linear rough value and the nonlinear estimate
on the basis of the multidimensional Taylor network structure. Based on the obtained
identified plant, the feedforward controller and feedback filter are all devised through pre-
diction error method and model reference method, respectively. Prediction error method
centers around minimizing both input prediction and output prediction error, and model
reference method is to achieve dual missions, i.e., perfect tracking and disturbance rejec-
tion. Roughly speaking, all theoretical results combine identification, optimization and
control together into internal model control in order to complete the existing research.

Generally, new contributions of this paper are formulated as follows.

1) Equivalence is proven to show internal model control is a special closed loop control
structure.

2) Nonparametric estimate and nonlinear estimate are proposed to identify the unknown
plant, corresponding to its linearity of the nonlinear form.

3) Internal model controller is designed from dual aspects of perfect tracking and distur-
bance rejection through our mathematical derivations.

Due to two important parts within the internal model control structure, i.e., internal
model and internal model control, two missions or goals always exist to be internal model
identification and internal model controller design, discussed in our paper. Specifically,
firstly the internal model is identified from the points of the nonparametric estimate and
nonlinear estimate only through the left and right observed data, i.e., data driven iden-
tification. Secondly, the internal model controller is designed by data driven control too,
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corresponding to the predictive error method from minimization of prediction error, and
the model reference method for model mismatching or disturbance rejection. Generally,
whatever internal model identification and internal model controller design, data driven
strategy is proposed to achieve above two related parts, while combining identification,
control and optimization.

2. Internal Model Control Principle. As all industrial plants operate within the
framework of the closed loop system, replacing the single open loop system gradually, our
considered internal model control structure, plotted in Figure 1, is also a special closed
loop system, which returns an output error signal, not the direct output signal.
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FIGURE 1. Internal model control structure

In Figure 1, {r(t),y(t)} are the entire closed loop input-output, and {C(z), P(z)} corre-
spond to the feedforward controller and actual plant. F'(z) means the feedback filter, u(t)
is the output of feedforward controller C'(z). External noise d(t) appears in an additive
form.

The goal of controller design is to design C'(z) while satisfying one necessary optimality.
However, as it requires some prior information about the plant P(z), we need spend time
to model the plant P(z) by the approximate model or identified plant f’(z) Observing
Figure 1 again, when using the same signal u(¢) to excite the actual plant P(z) and the
identified plant P(z), respectively, their error signal e(t) between two outputs {y(t), §(t)},
being e(t) = y(t) — y(t), is returned to pass through the feedback filter F'(z). In addition,
variable z means time delay operator.

Remark 2.1. Within the above internal model control structure, as the feedback signal
e(t) means an error signal, i.e., e(t) = y(t) — §(t), if the identified plant P(z) equals its
actual plant P(z), i.e., P(z) = P(z), then the error signal e(t) is reduced to the external
disturbance d(t), for example,

et) = y(t) = §(t) = P(2)u(t) + d(t) = P(z)u(t) = d(t)

Within the case of no external disturbance d(t) = 0, and perfect identification P(z) =
P(2), our considered internal model control structure is the simple open loop system, i.e.,

e(t) =0.
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From Figure 1, some existing mathematical relations hold very easily.
y(t) = P(2)ult) +d(t); §(t) = P(=)u(t);
e(t) = ylt) = §() = P(2)ult) + d(t) = P(2)u(t) = | P(2) = P(2)| u(t) +d(t) (1)

and

After simple but tedious computations, we have
P(2)C(2)r(t) N 1—C(2)F(2)P(2)
1+C@F@wm@—P@ﬂ 1+0@F@ﬂﬂz

Error signal e(t) is

y(t) =

N—
|
w >
—~
N
N—
—_

Controller output u(t) is
iy - CC >r<t> C)F ) 5
1+ C(z [Pz P(ﬂ

Considering the above three Equations (3), (4) and (5), the identified plant P(z) appears
in all physical relations, telling us before doing the controller design, firstly the identified
plant P(z) is needed by virtue of system identification theory.

3. Equivalence. Before identifying the unknown plant P(z), the equivalence between
our considered internal model control structure in Figure 1 and the classical simple closed
loop control structure, plotted in Figure 2, is proven.

FI1GURE 2. Classical closed loop control structure

In Figure 2, {K(z), N(z)} are the feedforward controller and feedback controller, and
other physical variables are similar to those in Figure 1.
The input-output relation in Figure 2 holds that
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y(t) = P(2)ult) +d(t) = P(2)K(2)r(t) — P(z) K(2)N(2)y(t) + d(t) (6)

P(z)K(2)r(t) + d(t)

M = T PERGING) )
Comparing closed loop output Equations (3) and (7), we let
P(2)C(z) _ P(z)K(z) ‘
1+ C()F(2) [P() - P()] 1+ PEKENG)
1 _ 1— C(z)F(z)P(z) (8)
1+ P)K(NE) 14 0@:)F(2) [P(z) - P(z)]
K(z) = cte) )
1+ C(2)F(2) [P(z) - P(z)} — C(2)P(2)N(2)
Continuing to derive, we have the following relations:
1+ c< JF(2) | P(2) - P(2)] C(2)F(2)
1+ P(2)K(2)N(z) = ; K(2)N(z) = —;
HHERENE COFeRE N e e G
vy F@CEF <>[P<z> P 0
& emr@ R + conErE T 1o
From Equation (9), it holds that
K(z) = ¢) N(z) = F(2) (11)

1—C(2)F(2)P(2)’
The above Equation (11) shows the closed relation between {K(z), N(z)} and {C(z),
F(2)}, formulated in Figure 3. Moreover, based on their relations, the internal model

Yy
~
=

F(z) -

F1GURE 3. Equivalent relation between the internal model and the closed
loop structure
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control structure is equivalent to the classical closed loop control structure, only through
some single substitution operation.

4. Internal Model Identification. Let us turn back to the internal model control
structure in Figure 1; three problems are ongoing to solve, i.e., plant identification P(z),
feedforward controller design C(z) and feedback filter choice F'(z), covered in our own
contributions.

4.1. Nonparametric estimate. To obtain a rough estimate for the plant P(z), we
observe that

y(t) = PJult) + d(t); y(tyu(t) = P(2)u () + u(t)d(t) (12)
or
y(t) = [I1P(2)|[Pu(8) + 2P(2)u(t)d(t) + d*(t) (13)
Taking expectation operation on both sides, we have
Syu(w) = P(2)du(w) + dua(w); ¢y(w) = [ P(2)[*bu(w) + 2P(2)dua(w) + 0*;
¢y(w) = P(2)pu(w) = P(2)¢ua(w) + 0 (14)
where {¢,(w), ¢, (w), pua(w)} are three spectrums for three data sequences {u(t),y(t),
d(t)}, and 02 = E[d?(t)] means autocovariance of the external disturbance d(t).
Then a rough estimate for the identified plant P (z) is yielded as follows:
_ 2
Py = —Culw) — o
(bud(w) + ¢yu(w)
Furthermore, collecting a group of input-output data {u(t),y(¢)},, where N is the total

number of data, the identified plant ]5(2) must satisfy the following data fitting problem,
ie.,

(15)

A

P(z) = argminggy - S ly(t) — P)u(t)f (16)

After differentiating with respect to the unknown plant, it holds that

= DIl ~ PEONT () = 0 2y (1) =+ S PRt t) (1)

ie.,

_ Pyu(w)
Pu(w)

Equation (15) or (18) gives a rough estimate for P(z) only through spectrum operations,

related with input-output data {u(t),y(t),d(t)}Y,.

Remark 4.1. Based on these two rough estimates P(z) in Equations (15) and (18),
after exciting the whole closed loop system with one sine signal, and then collecting data
sequences {u(t),y(t),d(t)}¥, or {u(t),y(t)}Y, to formulate their own power spectrums,
the rough estimate f’(z) 1s yielded only through the simple ratio and spectrum operations.

P(2)pu(w) = dyu(w); P(2)

(18)

4.2. Nonlinear estimate. The above rough spectrum estimate for the identified plant
P(z) is to extract an explicit form from the input-output data sequences {u(t),y(t)}Y,,
corresponding to nonparametric estimate. However, it is not an unbiased estimate, thus
bringing additional work to do some improvements to guarantee its unbiased property.
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FIGURE 4. Nonlinear estimate based on MTN

It is well known that all natural phenomena are nonlinearities during our normal life,
so it is necessary to model the unknown plant as a nonlinear estimate by virtue of the
multidimensional Taylor network (MTN) structure, plotted in Figure 4.

Observing Figure 4(a), the identified plant P(z) is a nonlinear plant, i.e., P(z,u(t)),
and then the input-output relation of the identified plant P(z) is §(t) = P(z,u(t)),
t = 1,2,...,N. For analysis purpose to expand this nonlinearity p(z,u(t)), a multi-
dimensional Taylor network (MTN) structure is proposed to approximate the original
nonlinear identified plant ]3(2, u(t)). To the best of knowledge, multidimensional Taylor
network is a new type of fixed structure controller based on Taylor series expansion. Its
core concept is to use high order nonlinear expansion to achieve the accurate approxima-
tion and control accuracy. Multidimensional Taylor network gives a combination of zero
order terms, first order terms and high order terms for different high order external input
signals and chooses the weighted sum of these terms to represent the consequent control
laws. A multidimensional Taylor network is seen in Figure 4(b), where three layers exist,
i.e., input layer, hidden layer and output layer.

More precisely, input layer contains p inputs to receive external information, and hidden
layer is responsible for processing the input information of entire network, composed of
the combination of p inputs from the input layer. Output layer analyzes each layer to
obtain the relationship among all nodes in each layer and the corresponding feedback
mechanism. For our MTN approximation, we choose error u(t), its differentiation w(t),
and integration [ w(t) as three input signals to excite MTN. Assume the maximal output
power is 3, and the total number of terms in the expansion reaches 16, i.e., representing
the nonlinear MTN output in an explicit form:

es(t) = u(t) ealt) = ilt)s ea(t) = [ (o)

u(t) = O1e1(t) + Ogea(t) + Ose3(t) + Oseq1(t)ea(t) + Oseq(t)es(t) + Osea(t)es(t)
+0-e1(t) + Oses(t) + ge3(t) + Oroen(t)es(t) + Orien(t)es(t) + Oioea(t)es(t)
+ 013e3 (1) + Oraei(t) + Orsei(t) + Orger (t)ea(t)es(t) = ()70 (19)

where the above nonlinear MTN output y(t) is also a regression form, the regressor ¢(t)
and weight vector § are defined as

o(t) = [ er(t) ex(t) --- ei(t)ea(t)es(t) } ;0= [ O Oy - b } (20)
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Remark 4.2. Equation (19) tells us that although the MTN output is a nonlinear form,
after reformulation, it is simplified into a linear relation with respect to the network weights
0 and all nonlinear variables are stacked into the regressor vector p(t). Moreover, as all
elements of the regressor vector (t) are composed of {u(t),u(t), [u(t)}, based on data
{u(t),y(t)}¥,, variables {u(t), o(t)}, are known or collected in priori, thus resulting in
a linear least squares problem again.

To improve the approximation accuracy, an easy way is to adjust those unknown net-
work weights, i.e., the vector 6 through solving the following least squares problem.

0 = argmin,J(0) = arg mine% Z ly(t) — gp(t)TH}z
{u(t),y(O) Y, — {yt), ()}, are all known (21)

For the above unconstrained optimization problem, the weight estimations are

0= [Z w(t)Tw(t)] [Z sO(t)Ty(t)] (22)

Solution (22) is enough from an applied point of view. When to analyze its statistical
property, straightforward differentiation gives

aJ 027 al
= NZ )70 o(t); 392 g (23)

Then the recursive form is

ék+1 =(1- ’Y)ék +

Set a true weight vector 6* as

= [Z so(t)Tso(t)] [Z sO(t)Ty(t)] (25)

Then
i = (1= N0+ b — 0" = (1) (9 — 07) (26)
Set network weight error as 0,1 = ék—H — 6*. Tt holds that
Or = O = 0" = (L=9) (0= 07) =+ = (L= )"0 Gy =g — 0" (27)

Finally, the statistical property of the least squares algorithm (26) is formulated in The-
orem 4.1.

Theorem 4.1. Considering the problem of identifying the MTN weights 6, to guarantee
the approximation accuracy of the least squares solution in Equatzon (26) stepsize v must

satisfy 0 < v < 1. Then we have lim;_,o(1 — 7)*** = 0 and Gkﬂ = 9k+1 —60* =0, ie.,
0k+1 — 0*.

5. Internal Model Controller Design. After applying the above two rough estimates

P(z) = ‘Zj’:(f and P(z) = %@;() and the nonlinear multidimensional Taylor net-
work estimate P(z) = ¢(t)f, we substitute them into the closed loop output response to

get
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P(2)C(z) 1-C(2)F(2)

i) = () + O iy e
1+ C(2)F(2) [P(z) - P(z)} 1+ C(2)F(z [ 2) — P(z)]
Set the identification error as
AP = [P(z) - ]5(2)} (29)
Then Equation (28) is abbreviated as follows:
B P(2)C(z) 1 — C(2)F(2)P(2)
VO = T emrear ™t Treerar W (30)
Similarly
_ C(z) C(z)F(2)
=1 emrmar ™ T iromre)apt® (31)

Considering the problem of designing the feedforward controller C'(z) and feedback filter
F(z), prediction error method and model reference method are proposed to achieve zero
error and perfect tracking, respectively.

5.1. Prediction error method. Prediction error method concerns on designing feed-
forward controller C'(z) and feedback filter F'(z) through minimizing both the output
prediction error e (t) and input prediction error e;(t). From the output Equation (20), its
one step ahead output prediction g(t/t — 1) is

P(2)C(z) 1+ C(2)F(z)AP
t/t — —(t 1-— = t 32
Wt =) = T R P O [ T crape | 1Y (32
so one step ahead output prediction error e;(t) is computed as
e () = P(2)C(2) (8 — 1+ C(z)F(z)AAP 33
DT corere Y T - cReRe " &
Similarly, from the input Equation (31), its one step ahead input prediction a(t/t — 1)

and one step ahead input prediction error ey(t) are derived as follows:

atft—1) = —ng)r(t) + {1 + Hg((;)Féz))AP u(d);
1 14+ C(2)F(2)AP

)
Cl2)F(2) u(?) (34)

From the above two one step ahead prediction errors e;(t) and eq(t), {C(z), F(z)} are
devised to minimize the following total prediction error:

ea(t) =u(t) —a(t/t —1) = —Wr(t) +

2

P(z)C(z C(2)F(2)AP
{C(2), F(2)} = arg min F@} N Z (,(z))F(i)) (z)r(t)_ 11j0((z))F((z))]5(z)y(t>
11 ) LHCR)F()AP 2
N2 L%) - —oere Y (35)

Equation (35) corresponds to an unconstrained optimization problem; thus, lots of exist-
ing optimization algorithms can be applied directly, such as gradient algorithm, Newton
algorithm, and interior point algorithm.
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5.2. Model reference method. As prediction error method only minimizes both pre-
diction errors without considering any other factors, in reality, two factors must be consid-
ered, i.e., model mismatching and disturbance rejection. Specifically, the reference model
M (z) is given as follows:
n—1
2"+ a2+t a1z +ay

which is a rational transfer function.

The goal of model mismatching is to guarantee the transfer function from input to
output be equal to the given reference model M(z), while rejecting the effect of the
external disturbance d(t), i.e., letting

P(z)C(z) 1= C(2)F(2)P(2)
Torear M T Fmar Y (37)

{C(z), F(2)} are designed through minimizing the following cost function:

2 |i—c()F@) PG|

1+C(2)F(2)AP

P(2)C(2)

ToFap MG (38)

{C(2), F(2)} = argmingc.) p() H

where notation ||.|| means the common Euclidean norm.

The second term in cost function (38) corresponds to disturbance rejection, i.e., guar-
anteeing zero. However, zero is an ideal case; in practice, we can let it be sufficiently small.
Set a sufficiently small level as 0 < a < 0.5, satisfying

1—C(2)F(2)P(2)
1+ C(2)F(z)AP

=aor <05 (39)

ie.,

1—C(2)F(2)P(2)

1+ C(2)F(2)AP = " (40)
Substituting Equation (40) into model mismatching problem, it holds that
aP(2)C(z) = M(2) |1 — C(2)F(2)P(2)| = M(2) — M(2)C(2)F(2)P(2) (41)
and
i Me M) "
aP(z)+ M(2)C(2)F(2)P(z) (a4 M(2)C(2)F(2))P(2)
where the following equities are used in above equation
a . NF(AP — LT C(2)F(2)P(z)
1+ C’(z)F(z) T C(2)F(2)P(z) L+C@EF (AP a ’
P(2)C(z) P(2)C(z)a (43)
1+ C()F(2)AP ~ 11— C(2)F(2)P(2)
and
B M(z) _P(2)P(2) aP(z) .
aP(z)+ M(2)C(2)F(2)P(2) P(z) 4+ M(2)C(2)F(2)P(z)
a+aC(2)F(2)AP =1—-C(2)F(2)P(z);
AP+ P(2)| C(:)F(2) = 1 —a; O()F(2) = S (44)
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1—a 1
ola) = aAP + P(z) F(2) (45)
Comparing Equations (42) and (45), we have
C(2)F(2) = M(z)F(z) L 1—aA (46)
aP(z)+ M(z)F(z)P(z) aAP+ P(z)
An easy calculation shows that
M(2)F(2) [aAP + P(2)] = (1 = @)aP(2) + (1 - a)M(2)F(2) P(2);
M(2)F(2) [aAP + ap(z)} = (1 - a)aP(z); M(2)F(z) = (1 —a) (47)
It holds that
l1—-a
F(z) = M2 (48)
Substituting Equation (48) into Equation (42), we have
C(2) = MG M  __ MQE (19)

aP(z)+ M(z)F(2)P(z) aP(z)+(1—a)P(z) P(z2)+ adAP
Generally, the above mathematical derivations are formulated in the following Theorem
5.1.

Theorem 5.1. Considering the internal model control structure in Figure 1, feedforward
control and feedback filter {C(z), F(2)} are designed to satisfy dual missions, i.e., perfect
tracking and disturbance rejection. Given the reference model M(z) and a sufficiently
small level a < 0.5, {C(2), F'(2)} are chosen as follows:

_ MGy loe
C(Z)_]s(z)+aAP7 ()_M(Z)

where the identified plant p(z) 1s chosen from its rough estimate or nonlinear estimate in
Section 4.

(50)

Furthermore, the corresponding internal model controller is replotted in Figure 5.

6. Simulation. As internal model control includes plant identification, parameter opti-
mization and controller design, i.e., identification, optimization and control, Figure 1 tells
us if the identified plant P(z) is equal to the actual value of the true plant P(z), then
internal model control is reduced to the classical open loop control, i.e., e(t) = 0 and
u(t) = C(z)r(t). Due to space limit, only the nonlinear estimate based on the mul-
tidimensional Taylor network structure is simulated, i.e., applying input-output data
{u(t),y(t)}X, of the nonlinear internal model to construct the multidimensional Taylor
network with some identified network parameters.

During the entire identification process, the following plant model P(z) is considered
as the actual plant:

(z—0.6)(z — 0.8)(z — 0.2)(z + 0.4)(z + 0.3)
(z—=1.2)(z — 1.8)(z — 2)(z — 0.4)(z + 0.6)
Whatever the nonparametric estimate (18) or parametric estimate (24) is used to identify

the above plant model, the collected input-output data are needed to construct pow-
er spectrums {¢y,(w), ¢,(w)} and regressor vector p(t). Fifty groups of input-output

P(z) =

(51)
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FI1GURE 6. The measured input-output data

t=1
6, where the total number of groups is 50. Due to the space limitation, only the paramet-

ric estimate (22) is applied to identifying the plant model P(z), describing as a rational
transfer function form. To be convenient for using our proposed recursive parameter in
Theorem 4.1, we formulate the plant parameters as a parameter vector 6, i.e.,

O=1[0 6, 05 0, 05 05 0 05 Oy 6]
—[06 08 02 —04 —03 1.2 1.8 2.0 04 —0.6 ] (52)

datasets {y(t), u(t)}°, are measured through some physical devices and plotted in Figure

and the corresponding regressor vector o(t) is defined as follows:
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o= | et) @a(t) ws(t) palt)  s(t)
wlt) = t t t t t
wo(t) wr(t) ws(t) @olt) @10(t)
_ el(t) ea(t) es(t) er(t)ea(t)  er(t)es(t)
ex(t)es(t) ei(t) e3(t)  e3(t)  er(t)ea(t)es(t)
Based on the mentioned nonlinear plant, expressed by the MTN structure in Figure 4,
the plant output signal y(t) is yielded as
0
)
y(t) = [ ei(t) exlt) -+ er(tea(tes(t) | | .
010
where {e1(t), es(t), e3(t)} are defined in Equation (19).

Rewrite the above plant output signal y(t) as y(t) = ¢(t)0. Then the classical least
squares algorithm, similar to Equation (22), is applied to identifying these ten unknown
parameters. Figure 7 and Figure 8 show the plant parameters’ estimations and the con-
sequent cost function in Equations (21) and (22), where we see each plant estimate will
converge to its actual value respectively with iteration increase, and also the cost function
is decreased to zero gradually.

10 T
o R SR S ]
=] : :
.2 \ : :
B J \\ :
z N ~
0 e - c— - — — _\\_ /,._;\\_ —
,5 i i i
40 60 80 100 120

Iterative step

FiGure 7. Cost function varying

7. Conclusion. Based on the existing contributions and our previous work on the in-
ternal model control strategy, this paper continues to complete the theoretical study and
practical application. Firstly, the equivalence is derived to show internal model control
is a special case of the classical closed loop structure, meaning our identification and
control analysis are also suited for more general closed loop cases. Secondly, two explicit
identification plants are derived to correspond to the rough linear nonparametric estimate
and the other nonlinear estimate, respectively, where spectral knowledge, learning algo-
rithm and multidimensional Taylor network are combined together. Thirdly, the internal
model controller is designed by prediction error method and model reference method,
corresponding to minimal error, perfect tracking and disturbance rejection. Fourthly, all
our derived identification results and internal model controller are applied directly into
the practical industry.

To the best of our knowledge, machine learning, deep learning and reinforcement learn-
ing are ongoing to affect our normal life; consequently, our future work will make the
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FiGURE 8. Plant parameters’ estimations

controller and plant smarter in real world system through introducing other interesting
concepts, for example, adaptation, safety, learning and intelligence.

[1]
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