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ABSTRACT. In this study, an iterative learning-based gradient estimation is proposed
for identifying the parameters in monlinear three-block cascade systems via quantized
output. Different from existing modified MI-G algorithms, which solve the performance
problem of multi-information length suppression estimation by designing some complex
additional algorithms, this paper proposes an internal sub-innovation iterative updating
gradient algorithm, the problem of multi-information length is solved from the dynamic
data utilization viewpoints, and the additional methods are not required. First, a par-
ticular regression model, in which redundant parameter estimation problem is avoided,
is constructed. Second, an iterative learning idea is incorporated into the update of the
multi-innovation gradient algorithm adaptive law, so that the problem of the batch intro-
duction of noise signals is solved. Then, the parameter estimation value is continuously
updated and optimized by resorting to an activation mechanism. In addition, the conver-
gence of estimation error to zero is strictly proven. Finally, the simulation example and
experiment on motor-drive system results demonstrate the feasibility and applicability of
the proposed estimation scheme.

Keywords: Adaptive parameter estimation, Multi-innovation estimator, Parameter
identification, Quantized data

1. Introduction. Quantization mechanisms are exploited to save communication re-
sources in the age of interconnected systems and massive data. They collect data driven
by a specific sensor, rather than the precise conventional sensors, to reduce the data com-
munication rate on the premise of guaranteeing control system performance [1]. Thus,
the quantized system has been widely used in practical industry applications, such as,
network communications [2], control systems [3], and bio-pharmaceutical systems [4].

In modern industries, their components are diverse due to the complexity and strong
nonlinearity of actual systems [5]. For this reason, using cascaded systems, i.e., block-
oriented systems is a natural modeling approach for researchers and engineers to represent
the characteristics of actual systems [6]. In recent years, quantized block-oriented systems
have been studied and have become a research hotspot in the fields of system identification
and automatic control [7]. Guo and Zhao [8] combined the empirical measure method to
derive a multistage identification method for quantized nonlinear sandwich systems based
on the gradient optimization technique. Ding et al. [9] examined the parameter estimation
of binary-valued Hammerstein systems by proposing a kernel estimation approach based
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on the mean square error method. Figwer [10] used a randomized search algorithm to
estimate the sandwich systems under quantized measurements.

Along with control technology’s fast development, numerous estimation algorithms inte-
grating new theory and principle [11, 14, 15|, such as the hierarchical identification meth-
ods [12], and multi-innovation methods [13], have been proposed and applied to actual sys-
tems. Among the aforementioned new identification versions, the Multi-Innovation Gradi-
ent algorithm (MI-G) has attracted attention because of its low computational complexity
and ease of online implementation. Xu et al. [16] proposed a separable synchronous MI-G
based on the parameter separation idea for nonlinear systems, in which high-accuracy
performance and low complexity are ensured. Lughofer and Skrjanc [17] presented an
improved MI-G estimator of fuzzy model, which gave a high estimator robustness.

Although the versions of the abovementioned MI-G are effective for nonlinear systems,
the focus of research on the gathered data is precise data, and literature on quantifying
nonlinear systems is limited. By contrast, the improved versions are all designed by adding
additional methods, and the problems existing in MI-G have not been effectively solved.
For instance, when the initial value of the MI-G is inappropriate, the convergence speed is
slow, and the estimator requires additional samples to achieve parameter convergence. In
the parameter updates of the MI-G, the batch introduction of noise leads to an increase
in estimation performance within a certain range, followed by a sharp decline. Such phe-
nomenon is the so-called innovation length limits estimation performance problem, and
it has not yet been solved. In this study, we propose a novel MI-G, handle the above
shortages and then apply the proposed algorithm to the quantitative three-block cascade
systems identification problem, as shown in Figure 1.

» Linear system » Nonlinear model Linear system

\ 4

FIGURE 1. Quantized three-block cascade systems

Based on the above analysis and discussion, this study considers the identification prob-
lem under the framework of three-block cascade systems with quantized measurements.
First, with the help of the half-decomposition technique, the quantized identification mod-
el is constructed, in which the computational cost is reduced. Second, by considering the
iterative update principle, the parameter adaptive law batch update is decomposed in-
to multiple subparameter adaptive law updates within a given multi-innovation length.
Then, based on an activation mechanism, the estimated value achieves suboptimal es-
timation update before the next triggering action. The convergence performance of the
estimator is rigorously proven. Finally, a simulation example and practical system are
used to confirm the effectiveness of the proposed estimator.

The major contributions of the study are summarized into the following items.

1) Compared with the existing improved MI-G method [13, 18], the batch update of
noise information is converted into a single innovation update means, where the multi-
innovation length is resolved from the perspective of data utilization, and extra methods
are not designed.
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2) Different from the initial optimization in the existing improved MI-G method [20, 21],
the initial value of the estimated parameter is continuously optimized based on value-
triggered mechanism, in which the convergence speed is accelerated.

3) A reconstructed identification model for separating parameters of linear and nonlin-
ear subsystems is introduced, where the redundant parameter estimation is escaped and
computational complexity is decreased.

The remaining sections of this study are organized as follows. Section 2 introduces the
system dynamic. Section 3 shows the design framework of the proposed algorithm. Section
4 provides the convergence of the developed method. Section 5 executes the simulation
and experiment. Section 6 is a summary and discussion on future works.

2. Problem Statement. Considering the three-block cascade systems with binary-va-
lued observations [22]

B(q ")z =A(g")u, (1)

D (qfl) y=C ((fl) v + Wy, (2)
K.(xy+d,) when z; <d,

vy=¢ 0 when —d, < x; < d, (3)
K.(z; —d.) when z; > d,,

Yq,t = F(y), (4)

|1 wheny <1
Fye) = { —1 when y; > 1, (5)

where uy, vy, and w; are system input, output and noise signal, respectively. F(y;) is
quantizer with threshold 1, and y, ; represents the quantized data by using quantizer F'(y;).
A(g™),B(q7"),C (¢ ") and D (¢~ ') are polynomials with the backward operator g. Their
equations are A (¢~') = > a;qg”", B(q™') =1+ 377" b7, C(q7") = 2215 cig™’, and
D(qg') =1+ Z;Li Ldjq77. v is the output of deadzone nonlinearity with the slopes K.,
K, and cross points d., d,.

Assuming that the polynomial coefficients a; and ¢; are set to one, which is used to
gain the parameter unique model.

By using half-substitution technology [23] and combining (1)-(4), one can obtain
ye = @1 0+ wy, (6)

where the data vector ¢; and parameter vector 6 are

Pt = [hl,t—lut—27 hl,t—1ut—3, cey hl,t—lut—na—h —hl,t—ﬂt—z, ceey —h1,t—1$t—nb—1,
hig—1, ot 1Tt 1,0t 2,063, -+ Vtngs —Yt—15 —Yt—25 -+ _yt—nd]T7 (7)
and
0 = [K.cia1, K c1a9, ..., K.cran,, K.c1by, ..., K.c1b,,, K,c1d., K, 1, K, d,cq,
CoyevnyCryydiydo, .. dpy T, (8)
where hy; = s[z; — d,] and hey = g[d, — x;] describe two switching functions, and s(z) is
given as
s ={ 14720 ®

This paper aims at developing an improved MI-G method to estimate the parameter
information of considered systems based on the collected data {u,y,:}, to discuss the
convergence of the estimator, and to validate the rationality of the proposed method.
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3. Estimation Design. In this section, to address with noise problem, we modify the
batch addition of noise data to a scalar feeding way, and avoid the defect of noise addition.
On the other hand, in order to resolve initial value issue, the particular method is that
when the sub-innovation length reaches the maximum of multi-innovation, the next sub-
innovation is activated, and the estimated value at the previous time is used as the initial
value for parameter update at the current time.

By using the batch data L, the typical stochastic gradient algorithm is modified based
on multi-innovation theory, which is the MI-G algorithm, and its expression is as follows:

St =Y — <I>}f,t9}_17 (10)
Rpy= Rpy+ [|®41%, (11)
S 1 _
Oy =01+ —5—P1:Zrs, (12)
Ry,
where L is also known as the multi-innovation length, ®; is the multi-innovation data
matrix, which is given by @1 = [pr, Yr—1,- -, Yt—1+1], =1+ is the multi-innovation vector,
which is defined as Zp; = [es, €41, ..,e_111]7, and the multi-innovation output vector
is denoted by Y7, whose form is Y7 ; = (Y4, Ygu—1, - - » Ygt—L+1)" -

Remark 3.1. According to multi-innovation theory, estimation performance should con-
tinuously tmprove with the increase in L, but the identification performance first lifts and
then decreases. The reason is that when Zp . is used for parameter estimation updates,
batch noise signals continue to be fed, deteriorating its performance.

To address the aforementioned problem, this paper considers the iterative learning idea,
and uses an activation mechanism to solve the initial value issue. Define the variables
Yej = Yervjs J = L,2,..., L, o1 = @i_r4j and e, ; = e;,_r4j, the proposed Iterative
Learning-based Gradient estimation (IL-G) is written as

et = Ui — 1 ,00-1, (13)
Rij = Rij_1+ el (14)
Orj = 0pjr + e (ye; — 01 ;005-1) (15)

Ry ;

where e;; is the jth sub-innovation variable, and ét,j denotes the jth sub-innovation
update of the parameter estimation.
The initial value triggering activation update is defined as

Rt,O = Rt—l,L; (16)
ét,o = étfl,La (]‘7)

where if j = L, we use R,_; 1, as the initial value for R, at the time ¢, and apply ét,L I

as the initial value of ét,o at the time t. j = L denotes the triggering activation condition.
Equations (16) and (17) are named the initial value-triggered mechanism. Ry; = 1.

Remark 3.2. Compared to the existing MI-G methods, at the current time t' = t and
the jth sub-innovation, IL-G uses the scalar innovation e, ; to achieve the adaptive law
update, so that noise data are not introduced in batch manner. When 7 = L, the parameter
estimation of the next time is activated.

Remark 3.3. When t' =t and j = L, the step and initial value of the estimated pa-
rameter by using the activation mechanism update (16) and (17) will be conducted. The
optimization value at the time t via L iterations is chosen as the initial values of step and
parameter vector at time t =t + 1, improving the convergence rate.
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As displayed in Figure 1, to address the unknown variable problems of v; and z;, the
reference model method is an effective way. Its fundamental principle is to use the raw
system to construct the reference models and to replace the signals based on the outputs
of the reference models. Interested readers can refer to [21].

4. Convergence Analysis. Let us suppose, {.Z (t)} is established by using w;, we named
{w, Z(t)} as a bounded martingale sequence. Suppose the additive noise w; satisfies
(F1) B w | #(t — 1)} = 0,

(F2) ElfJw? V( D] =02, <02 < oo,

(F3) hmsup Z _wgl)? € 02 < oo

Theorem 4.1. For the quantized three-block cascade systems (1)-(4) and the presented
method (13)-(17), when u; is PE condition, then Ry = O ()\min [anzl Zle gbm,jg?)%,j]),
t — oo, and (F1), (F2) and (F3) hold. Then, the estimated parameters can converge to
2 .

0| =16 -

2
zero, that is, — 0, t — o0.

Proof: Based on (15) with subtracting 6, it can be written as follows:
Orj = Orjo1 + oy [=T(t. 5 — 1) +wyy] (18)

where §(t, j —1) = @] ,0-1.
By using the definition of norm and combining (18), it yields

~ 2 ~ 2 2
e Ll (¥ [@r5 1™ llwr 5l

~ 2 ~
b ‘9-_ J(t, i — D)+
t.j t,j—1 R%j ||y( j )H Ri]
2R — 2|l ~,.
4 2 =200l G- ). (19)
Rt7j
~ 2
Define 17, = ‘ 6: ;|| , by using the scaling method to (19), we get
L ~ 2 2 L
[ 1 o 2Rpj1 ., .
TL,thL,t_ﬁZ%—Z o [t 5 = DIP + =55 = (.5 = Dw,] . (20)
=1 (2] j=1 " tJ 2]
Because

H2 L&

SR 178 Rii— R <=1 1
J tg — tug-1 -
Syl ey Bt oS [ ] < e

j=1 t=1 j=1 t=1

Wwe call S

(F1)-(F3),

e that (21) is bounded. By using the definition of the expectation and combining
(20) has the following expression:

L

LJZ] . L, .
BTLd (= 1] < Toor + g2 S sl =3 - DIP. (22)

R .
ti =1 j=1 " tJ

Based on (21), the following inequality holds:

ngzz “ t,JH (23)

7j=1 t=1

By applying martingale convergence theorem to (22) and using (23), we have
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E |>

Jim Z Z

]Iml

~ 2
et,LH } s Tyt — oo, (24)
and

m,j —1)|* < o0, a.s., (25)

where Tj represents a random variable.
By exploiting Kronecker Lemma to (25), we have

Z

Because of y(t,j — 1) = @Zjﬁm_l, the following expression holds:

ZHymg—l — 0, t = 0. (26)

’]ml

. 1 .
7itd = 1) = 6, (g = g (0 + i) ) (27)
2J
By using the definition of the determinant, for (27), we have
AT 4 YN
~ . Pt Ptg ~ Pt Pt.g
[57(t, 5 — VIl = ||¢7;0e5 + TL25(t, 5) — T2y, (28)
Ry ; Ry ;
Squaring on both sides of (28) yields
2 2
- o~ \2 @T@t;N . @T‘S@tg
Hy(t,J—l)H2=<¢fj9t,j) +{ L) |+ [ 2wy
Ry ; R, ;
AT 4 AT 4 AT 4
R Pt iPtg~,, . Pr. Pt~ Pt.iPt.j
21 ;0,52 t,j) —2—2 t,j)—3
+ 24, ;0 Iy (t,7) R, y(t, j) R, Y
/\T A
AT PP,
2S0t,j0tj R, t,j
1+ Tl 220 e 2 s 122
’ R T Rel2 T
vopie e 12l g, p 19l gy b,
RW ||Rtj”2 "
Rt,j ) t,7
. 2 el 2 na e el
< gt NI + l1@es1? 3 19 DN + 1@l 5wl
[rizmal [ 225l
A 12 ”SOt H ~r, .
|21l SR ) wy. (29)

1B
Based on Equation (29), we obtain

[F2¥ils
1221

IPesll® o
[ sl

‘|g<t7])||2 + H@t,szHRt ||2 w
?.]

2
< g DI + e l®

T N
Dy 01

2 ||90ta|| ~( .
J)we
| Re

180
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~ a2 A2 ||90t || A2 ||<Pt ||
< 211t )2 + 2 s 12 220 e, 12 + 2 g2 L2 a2
|| tJH || t,J”
g2 22l g (30)

1Re11”

Summing the given length of the innovation with i = 1,2,...,7—1, (30) can be rewritten
as

loeigl”
|| < 203 DI+ 2080 Z L L — i)
A
sl
— 4@ Z SEEL S G(E — i, wisiy
AT
[
+ 2|1, Z s w1 (31)
A

By using a method similar to (20), it has

HSDt i, H o
EZp |7 (t - 1)] <22||ytj )|1® +2Z|Isom|| Z”R ]“2 15t — i, )|
t—1,]

— || peisl® 1
t—i,j

~ 2
where ZL,t = H@T(tmj)gt,j’

By using R ; to (32), we have

B A _RtJZZH?HJH +—ZZ“%H 15D + Leu].- (32)

i=1 j=1 bi =2 j=1 ”

Because of Zj S < In R, ;, (33) has the following form:

i,

P A
EZp7(t —1)] ZZ 17 2 % (Lo'i}) — 0, as t — 00. (34)

Rtvj ,] i=1 j=1 Rt:]

It is a fact that

Lt Lot Lot
~ ~ ~ ~ 112
|53 | [ <7 [zz@mzj] o e [0l [
7j=1 =1 7=1 =1 7j=1 =1
and it has
2
mln [Z 1 ZZ 1 9071 SOZ :| Ht E Z tg; t - 1
= ST < Zed =], 0, t — oo. (35)
Ri,j Rt,j

Because of R, = O ()\min [anzl Zle @mjgéf”]) ,t — 00, Equation (35) is written as

=0 ( / ( min [Z ngmjcpm]] )) — 0, a.s.t — oo. (36)

To this end, Theorem 4.1 has been completed. O

Al
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5. Examples. To compare the performance of the proposed algorithm, two improved ver-
sions of MI-G are used as comparison algorithms, such as Filtering Data-Multi-Innovation
Gradient method (FD-MI-G) [18], and Separable Synchronous Multi-Innovation Gradient
method (SS-MI-G) [16]. Before giving the examples, we provide the parameter selection
criteria for the proposed algorithm. 1) Initial value of the estimated vector: when the true
value of the estimated value is unknown, the common operation is to set the estimated
initial value to a very small value, e.g., 0.001, 0.001. 2) Step size and innovation length:

Based on the parameter selection criteria of multi-innovation gradient algorithm, step size
Rop=1,L =4

5.1. Simulation example. Consider the following quantized three-block cascade sys-
tems

(0.5 +0.45¢7%) 2, = (¢ + 0.35¢ %) wy, (37)

(0.4q_1 + 0.3q_2) Y = (q_1 + O.lq_2) vy + wy, (38)
0.4(x; +0.1) when z; < 0.1

=< 0 when —0.1 <z; <0.1 (39)
0.4(z; —0.1) when z; > 0.1,

Yo = F (), (40)

/1 wheny <1
Fuo={ ) Theat ) ()

In simulation, {u;} is sequence of random signal with Gaussian distribution, and {w;} is
signal of white noise with zero mean and standard deviation 0 = 0.1. The main parameters
of the proposed method are HAO,O = 1I/p0, L =4, p0 = 1e6, Ryy = 1, N = 1200. The
four methods are used to estimate the parameters of system, and comparative statistical
results are shown in Figures 2-4. The estimated parameters using the proposed IL-G have
a remarkably faster convergence rate compared with that using FD-MI-G and SS-MI-G
because the proposed IL-G requires less time for searching true values. In estimating the
accuracy, the developed IL-G can converge to true value as the addition of samples, while
FD-MI-G and SS-MI-G oscillate around the expected value with different accuracies,
demonstrating the enhanced performance of the proposed estimator. Figure 5 shows the
comparison estimation errors. It can be seen that the error curve of the proposed algorithm
is closer to the z-axis than the other two algorithms, indicating the high estimation
accuracy of the designed method. At the beginning stage of parameter estimation, the
error curve shown by the proposed scheme tends to be closer to the original point and
reaches stability, indicating the fast convergence speed of the proposed scheme.

POPLLTLY "
‘.,'.._.,"-""..I‘n'\,e ST P L ~afun 05 N
oaf" :,.—' ’
04

0 200 400 800 1000 1200 0 200 400 800 1000 1200 0 200 400 600 800 1000 1200

600 600
Sample(N) Sample(N) sample(N)

FIGURE 2. Estimates of first linear system
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FIGURE 3. Estimates of deadzone model
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FiGURE 4. Estimates of second linear system

To show the tracking performance of the established model, we compare our method
with the FD-MI-G and SS-MI-G methods by conducting model validation, as plotted
in Figure 6. The three estimation models can track the dynamic outputs of the actual
system, which implies the effectiveness of the three estimators and the rationality of
the established estimation models. Further analysis reveals that our method yields more
accurate model tracking performance with minimal output error compared with the other
two comparison approaches, evidencing the positive performance of our scheme. Figure 7
exhibits the estimation performance using our method based on different noise intensities.
As shown in Figure 7, the weaker noise intensity indicates the more accurate estimation
performance, and a stronger case degrades identification ability. From 6% = 0.01 to 6% = 1,
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Comparison estimation errors
1 T T T T
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Proposed algorithm
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FIGURE 5. Estimation error results
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FIGURE 6. Model validation

for quantified nonlinear systems, the estimation performance is clearly satisfactory due to
the strong coupling of the system and the destructive nature of quantitative data, which
suggests that our algorithm can achieve insensitivity to noise signals within a certain
range. Even though the noise intensity continues to increase (6% = 4), no sharp decrease
in estimation performance occurs. The reason for analyzing this phenomenon is that when
the parameter estimation vector ét,j in (15) is updated by using the scalar introduction
of noise of e, ; in (13) rather than the batch noise data Zj; in Equation (10), so that
the utilization rate of noise data is much lower than that of useful system data, resulting
in a gradual decline in estimation performance, which is consistent with the analysis of
Remark 3.2.

5.2. Experimental confirmation. Experiment validation is conducted to test the prac-
ticality of the designed estimator. The test platform consists of a PWM drive motor, a
control card, digital encoders, and a PC, as displayed in Figure 8. The controller environ-
ment is set in C program, the graphical results are shown on the PC, and the mode of the
drive motor is torque control manner. The quantized output data are gathered by using
the output of motor and a digital binary-value quantizer. The sampling time is chosen as
T = 0.01sec. The parameters of the motor drive system are listed in Table 1.
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Estimation peformance with different noises
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F1GURE 7. Estimation performance with different noises

FiGURE 8. Experiment validation platform

TABLE 1. Parameter and meaning

Variables Units Meaning
Im kg/m? Rotational inertia
L, H Inductance
R, Q Resistance
1. A Armature current
Ko / Back-electromotive coefficient
K. / Electrical time constant

The parameter optimization results of three estimators are plotted in Figure 9. Three
estimation curves transition from oscillation to stationarity, indicating that all estimators
can optimize the parameter information of the system, but the optimization performance
is various. Compared with the curves gained using the FD-MI-G, the SS-MI-G has smaller
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vibration, while the proposed algorithm is relatively smoother and exhibits no oscillation.
In terms of optimization time, the proposed method can reach steady state in approxi-
mately 4 seconds, while the other two algorithms clearly require more time, verifying that
the developed approach has faster convergence performance.

The comparison outputs are shown in Figure 10 to illustrate the output performance of
the estimated model based on three estimation results. All model outputs can represent
real-life system output with different output errors, suggesting the usefulness of the three
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estimators. Moreover, the smallest model error is obtained by the proposed IL-G method,
and the presented scheme is more capable of accurately tracking the actual system output.

6. Conclusions. An improved MI-G scheme has been introduced for nonlinear three-
block cascade systems with quantized observations in this paper. By considering the iter-
ative learning principle into the parameter estimation adaptive law, we solve the problem
of batch noise addition. In addition, to improve the convergence rate, an activation mech-
anism is introduced to obtain the initial values for parameter estimation under given
innovation length. Simulation results have verified the effectiveness of the proposed iden-
tifier, and experiment outcomes have been demonstrated the usefulness of the estimator
in this paper. Theoretical analysis also proved that parameter error can converge to ze-
ro. Future work will focus on exploiting the proposed estimator for linear and nonlinear
multi-input multi-output system subject to quantized data, and nonlinear three-block
cascade systems with time-delay system. In addition, by using fractional order theory to
enhance the utilization of system data and applying the hierarchical principle to reducing
algorithmic complexity, the estimation performance can be further improved.
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