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1. Introduction

Nowadays system modeling and identification are very important for nonlinear systems and complex systems
[1-5]. The traditional identification methods for Hammerstein nonlinear systems are popular for the last two decades,
including the over-parametrization model based methods [6,7], the iterative/recursive identification methods [8-11], the
key term separation principle based identification methods [12-15], the hierarchical identification methods [16-18], and
the maximum likelihood estimation methods [ 19-21], etc. Recently, Li used the Levenberg-Marquardt optimization method
to estimate parameters for a Hammerstein output error system [22]; Chen adopted a particle swarm optimization algorithm
to estimate unknown parameters for a Hammerstein system [23]. But the above conventional identification methods need
process thousands of input and output data, this costs a lot of time in data sampling and parameter estimating.

In the past decade, the compressive sensing method based on the sparsity principle has aroused much attention in signal
processing field [24-26], it has an advantage of saving computation in recovering parameters of a system, by collecting only a
few data. Generally, the compressive sensing method can be described as to reconstruct a S-sparse vector ® € R" from linear
measurements in & € R™" and observations in Y € R™ under the form: Y = &@. By definition, the number of sparsity,
observations, components of the unknown signal are decreased, i.e., S < m < n. Accurate reconstruction can be achieved
by two types of approaches: the greedy algorithms like the thresholding algorithms [27-29] or the orthogonal matching
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pursuit (OMP) algorithms [30-32], and the basis pursuit (BP) algorithms [33-35]. The greedy OMP algorithm imposes an
Lo-norm on the sparse vector ®, works iteratively by picking up the support columns (atoms) in the measurement matrix
in a greedy fashion, and has simple and rapid advantages over the BP method which solves its convex relaxation by the
standard L;-norm technique.

In this paper, a hierarchical orthogonal matching pursuit (H-OMP) algorithm is investigated to simultaneously select the
orders and parameters of a Hammerstein system. The explorations lie in three main aspects:

e The first is to recast the system into two fictitious pseudo-regressive sub-systems: one contains the parameters of the
nonlinear part and the other contains the parameters of the linear part by the hierarchical identification principle.

e The second is to adopt the H-OMP method to interactively select the parameters and orders of these two sub-systems
under the framework of the CS theory.

e Comparing with the existing hierarchical least squares (H-LS) method, the proposed H-OMP algorithm is not necessary
to collect a lot of data and invest a lot of power on the parameter identification.

The rest of the paper is organized as follows. Section 2 demonstrates the problem formulation of a Hammerstein system.
Section 3 presents the H-OMP identification algorithm to interactively select the orders and parameters of these two sub-
systems. Section 4 derives the existing hierarchical least squares (H-LS) algorithm for comparison. Section 5 provides a
numerical example for the proposed algorithm. Finally, the concluding remarks are involved in Section 6.

2. The problem formulation

The input nonlinear and output linear functions of a Hammerstein system are expressed as

ne

X(t) = fIu(t)] =) cifilu(t)], (1)
k=1
W(E) = BX(t) + v(t), (2)

where B(z) = b1z + byz 2 + - + bn,z7™, u(t) and y(t) are the system input and output, x(t) is an internal variable, v(t)
is stochastic white noise with zero mean, the input nonlinearity f is modeled as a linear combination of basis functions f;.

Assume that the orders n, and n. are unknown, we set sufficient length [ as orders of the nonlinear/linear functions
(I > np, I > n.). From the y — x relationship in (2), we get

y(t) = bix(t — 1) + bpx(t — 2) + - - - + by x(t — np) + - - - + bx(t — 1) + v(1). (3)
Substituting Eq. (1) into x(t — i) into Eq. (3) gives:
ne,y..nl ne,...,l Neyonnl
YO =by Y afilult = 1)+ +bg, > cfilult —nmp)l+--+bi Y afilu(t — D] + v(t).
k=1 k=1 k=1

Define the information matrix and the parameter vectors:

fl[u(t - ])]5 e sfnc[u(t - ])]s e 7fl[u(t - ])]
E(t) = | filu(t —nmp)l, .., fac [u(t'— )l ... filu(t —np)] | € R,

filu(t =D, ... folu(t = D1, ... filu(t — D]
b=[bi,by....by,0,...,0" eR, e =[c1,¢2,...,Cp,0,...,0]" € R,
N —’ N —’
1—ny I—n¢
then we have
y(t) = bF(t)c + v(t). (4)

It seems difficult to recast the above obtained bilinear system under the CS framework. In this letter, based on the hierarchical
identification principle, we recast the bilinear system into two simple pseudo-regressive sub-systems as follows.

By multiplying F(t) with ¢ (F(t)c := F.(t) € R*"), the bilinear model (4) is transformed into a pseudo-regressive sub-
system I about the parameter vector b of the linear part,

Sub-system I : y(t) = F.(t)b + v(t). (5)

Similarly, by multiplying b™ with F(t) (b"F(t) := Fy(t) € R'*!), the bilinear model (4) is transformed into a pseudo-regressive
sub-system II about the parameter vector ¢ of the nonlinear part,

Sub-system II : y(t) = Fy(t)c + v(t). (6)
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Substituting m sampled data into (5) and (6) gives

y(1) = FX(1)b + v(1),
¥(2) = Fl(2)b + v(2),

y(m) = EX(m)b + v(m)

and
(1) = Fy(1)c + v(1),
¥(2) = Fp(2)c + v(2),
y(m) = Fy(m)c + v(m).
Define
ry(1) v(1)
¥(2) v(2)
Y = : eR™, V= e R™,
Ly(m) u(m)
[F.(1) Fy(1)
F!(2) Fy(2)
=1 = . [S Rle, =) = . [S Rle.
_FCT(.m) Fy(m)

Then two sets of equations can be rewritten as two pseudo-regressive matrix equations, respectively,
Y =5b+V, (7)
Y =Ec+ V. (8)

Eqs. (7) and (8) are two pseudo-regressive sub-systems meeting the CS framework. According to the least squares principle,
if there are enough measurements, i.e., m > [, we can interactively get the least squares estimates of b and c,

But the above traditional least squares will take a large computation and a lot of time to get the estimates I;Ls and ¢;s. Because
the parameter vectors b and ¢ contain only a few non-zeros, but many zeros. According to the CS theory, the parameter
vectors b and ¢ can be viewed as a sparse signal. Let S = ||b||o + ||c|lo = ny + n. denote the numbers of non-zero entries in
b and c, then the identification problem can be described as an orthogonal matching pursuit (OMP):

~

b = argmin||bllo, s.t. [y(t)—F(t)bl < e,

¢ = argmin|cllo, s.t. [y(t) = Fy(t)ell2 < e,

where b and ¢ are the estimates of b and ¢ and ¢ (¢ > 0) is the error tolerance.
3. The H-OMP identification method
3.1. The CS background and the OMP method
3.1.1. The CS background
Suppose X meet the following equation,
Y = ¢X,

where the output Y € R and ¢ € RM*N (M < N), naturally X e R is usually not sparse, solving these underdetermined
equations to get unknown X is impossible. CS technique represents X = Q@ with a transform @ € R¥*N of a K-sparse
signal ® € RN. Then the CS equation or the CS framework is expressed as

Y = 90,

with the measurement matrix ® = ¢2 € RM*N and the K-sparse signal ® € R¥ (K <M < N).
In CS theory, accurately recovering a K-sparse vector ® € RN under the form Y = ®© should satisfy the following two
requirements.
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Theorem 1. Refer to [36], let K < M < N and every set of 2K columns of the matrix & € RM*N be linearly independent. Then a
K-sparse vector ® e RN can be reconstructed uniquely from Y = ®®. This unique solution is in fact the sparsest solution, i.e.,

6 = argmin||®[lg, s.t. Y =®0|; <.

Theorem 2. Refer to [37], an M x N matrix & € RM*N obey the K-restricted isometry property (K-RIP) condition with constant
8k. More precisely, let A C {1, 2, ..., K} and & 4 be the submatrix of ® consisting of the columns indexed by A, the local isometry
constant 8 is the smallest number satisfying (1 — 8x)[© 4|2 < |®4©4113 < (1+ 8k)II©4]3

3.1.2. The OMP method

In the CS framework Y = &©, suppose ® = [¢, @, ..., dy] (@; is called an atom of &), ©, = [61, 64, ...,60n]",
k = 1,2, ... be the iterative number and XA, be the index of the solution support at the kth iteration, Ay is a set composed
of Aj,i = 1,2,...,k r, denotes the residual at the kth iteration, ® 4, is the sub-measurement matrix composed of the k
columns of ® indexed by Ay, © is the estimated parameter vector at the kth iteration.

The orthogonal matching pursuit (OMP) method is a kind of greedy algorithms, it works iteratively by picking the support
atoms in a greedy fashion. In each step it finds the atom with highest absolute inner product with the residual and adds it
to the already found support atoms. Then it calculates a new approximant by projecting the signal on the linear span of the
already found support atoms and a new residual by subtracting the approximant from the signal.

This section narrates the derivation of the OMP recovery algorithm. Define a cost function at the kth iteration

JO) = lIn1 —¢6ill*, i=1,2,...,N. 9)

Remark 1. Minimizing J(6;) with respect to 6; means that the derivation of J(6;) with respect to 6; equals 0, that is,

aJ(6;)
ae,-l = —2¢;[r—1 — ¢:6i1 = 0,
and we get
T
Ty
i:(bl kzl. (10)
il
Substitute the above 6; into Eq. (9) to get a minimized J(6;) as
2
¢1'T"k71
J(O)min = ’¢1”¢1”2 — Tk
T
<¢i¢iTrk—1 ) (¢i¢,’T"k—1 )
=5 —n) | T e
llill il
_ e $ibi T <¢i¢iT"k—1 )
=\ T || T — Tt
il Il
109 Gbir1 T b T GidiT T
= 2 2 - 2 - 2 + 1 Tk—1
lip:ll* 11l Il ll I ll
(¢ri1)
= iy — Bl (11)
il
T 2
Remark 2. The result [](Oi)min = |r-1*> = w’i‘;"ﬁ) ] says that minimizing J(6;) is equivalent to the quest for the largest

inner product between the residual r¢_; and the normalized column vector ¢, of ®.
In summary, the steps of the OMP algorithm iterate from k = 1 as:

Step 1. Find the index of the largest inner product,

&
Ay =arg max [{fg-1, ——
i=1,2,....N llo; 1l

Step 2. Update the supporting index set,

)i

A = Ag—1 U Ags
Step 3. Update the supporting sub-measurement matrix,

Dp =Py, U Ry
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Step 4. Update the estimated parameter vector,
minJ(@4,) = Y — ®4,04,11%
Step 5. Compute the residual,
=Y — 0.
until the r, < &, ¢ is a small positive constant.
3.2. The H-OMP algorithm
The above mentioned two sub-systems Y = Z:b+ V and Y = E,c¢ + V in (7) and (8) meet the CS framework, due to

b and c being S,-sparse and S.-sparse vectors, respectively. With the setup of S, < M < land S, < M < |, the task is to
reconstruct b from Y and =4, and ¢ from Y and =;. A column =¢;/=,; of 21/, is also called an atom as defined by,

m

1 = [E11, E12, ..., Bl

[

2 = [E21, 822, ..., B2l

Thus the output observation vector Y is the linear combination of [ atoms =4; or =j;,

1
Y =) =ubi+V (12)
i=1

1
= Z =i+ V. (13)
i=1

Assume k = 1,2, ... be the iterative number, let us give some notations at the kth iteration: Ay, and Ay be the column
indexes of the solution support in Z¢ and E,; Ap, and A, are solution sets composed of Ay, and A, respectively; 1y, and rg
denote the residuals; 1 4,, and Z; 4, are the sub-measurement matrix composed of the n, and n. columns of Z; and =,

indexed by Ap, and Ag; Bk and ¢, are the estimated parameter vectors. The algorithms are initializedasryy =1 =1y =Y
and Apg = Ao = ¥. Define two cost functions,

ep(bi) = Irp 1 — Eubill®, i=1,2,...,1, (14)
ec(ci) = IIre -1 — Eicill”. (15)

According to Remarks 1 and 2, minimizing e,(b;) and &.(c;) with respect to b; and ¢; yields:

=T 2
. =1iTb.k—1
mingy(b;) = [|rpx—11° — (7“ ) ) (16)

1Z1ll

=Tr 2
) Bl k-1
mine(¢;) = ||rex1l® — <72' ¢ ) ) (17)

=il

Remark 3. Egs. (16) and (17) indicate that the pursuit for the smallest error is equivalent to the pursuit for the largest inner
product between the residual 1y, 1 and the normalized column vectors Ey; in =1, or between r¢ y_; and Ey; in =».

Thus, the kth solution support can be obtained by:

s

E1i
1E1ill
=]
Ak = 3rgmax(f:1,2,_,_,l)|("c.k—la —)|.

||'=

il

Apk = argmax;_i,  pl{rok-1,

Update the support sets Ap, and A, and the sub-measurement matrices Eq 4, and Z; 4, by
Apk = Apg—1U Apg,
Ack = Ac,k—] U )”cky
Bt = Bt a1 Y By
2,40 = B2,4c 41 Y B2y
Define two cost functions:
—_ 2
.Il(bAbk) = ”Y - ':LAbkbAbk ” s
—_ 2
JZ(CACk) = ”Y — 22,44 CAg ” .

There exist two difficulties in minimizing the two cost functions to get the estimated parameter vectors b Ay and €4,
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e When minimizing J1(b ,, ) about b »,,, there exist the unknown parameter vectors ¢ in F¢(t) in Zq, 4,
e When minimizing J,(c,,, ) about ¢, ,, there exist the unknown parameter vectors b in Fy(t) in 3 4.

The solutions are to use their estimates ¢,_; and l;k at iteration k to replace ¢ and b, respectively; and the corresponding
estimates of F.(t) and =, and Fy(t) and =, at iteration k can be written as,

Fei(t) = F(t)&_1, Fyu(t) = BEF(t),

I::’<(1) Fy (1)
. Fl(2) . N . . Fy (2) . .
Sk = . = [E11k B2k - -+ k], Eox = . = [E21ks E22ks - - - » Eatk]-
F! (m) Fy (m)

Replacing unknown variables with their estimates, minimizing J;(b,,, ) and J,(c,,), and combining the hierarchical
identification principle with the least squares identification principle, the least squares estimates b,,, and ¢, at the k
step are given,

N

b, — (&T =&
bAbk = (“1.Abk“1~4bk
A~ _ eT e —
CACk - (HZ’ACI(_'Z’AC")
The residuals at the k step can be computed by:

e =Y — él,AbkiJAbk, (18)

Tk = Y_é2~ACkEAEk’ (19)
Remark 4. At the beginning, the hierarchical orthogonal matching pursuit (H-OMP) algorithm with the estimates C1
and b, in the sub-information matrices éL Ay, and éz, Aq Causes an inaccurate support atom selection. With the iteration

k increasing, these estimated vectors become more accurate, and the mis-selected support atoms certainly un-meet the
threshold requirement, the corresponding elements in the estimated parameter support set will be a small non-zero value.

Because practlcal systems always along with some noises, we set an appropriate small threshold ¢ to filter the parameter
estimates bA,,,( and ¢  Cpg- I |bhb k| < & and/or [Cy. k| < & (Where bhb k is the hyth element ofbAbk, and Che,k 1S the hcth element
of ¢, .« )» eliminate bhb « and/or €y, x from bAbk and/or € €4, and the corresponding = ~1hb r and/or = _‘th . from &, kandfor = _2 ke
Then we have

baye = [Bay/bn,k & bay]l,
Bt ape = [E1,45 /Bty k & E1,ap 15
éAcks = [éAck/éhc.k 4 éACk]y

o Age = (B2, 45 /Ene.k & Z2,44]

Because bhb « and Cy,  are hyth and hth elements in bAk and ¢ Capr and & ulhb rand & u2hc « are hpth and h.th columns in &; Ax
and &5 4,; the expressions of eliminating bhb « from bAbk and Zyy,  from 21 4,, in Matlab are

bAbke : bAbk(hb) = []a
ElAge  Etaghp) =111
the expressions of eliminating ¢y, from éAck and é‘zhc’k from éZ,Ack in Matlab are
éAkE : CAk( ) - [ ]
EZ,AkS : =‘2,Ak(hf) = [ ]'

Then the residual can be computed by
Toke = Y — éLAbks bAbke’

Teie =Y — 52 44, CAnye -

The steps of the H-OMP algorithm are summarized as:



D.Q. Wang et al. / Journal of Computational and Applied Mathematics 345 (2019) 135-145

The H-OMP for CS Recovery
Measurements: £ =
Output vectors: Y;
Sparsity level: S, = ny, Sc = n;
Parameter vectors b = [bq, by, - -+, b]", ¢ = [c1, €2, -+ -, ¢]";
Initialization: k = 1,1y =10 =Y, Apg = Ao = 9;

ﬁAO = 0, €4,=a constant vector.

[Ect, B2, -+, Bal, B2 = [Eb1, Ep2y -+, Enils

Repeat
filu(t = 1)1, fnc[u( DI, - filu(t — 1]

F(t)=| filu(t —np)], fnc[u(t_nb)] -, filu(t — np)]

filu(t = D1, -+, fa [u(t =Dl filu(t = D]
Estimating b:
(F(1)€—1)"

A

(F(2)¢—1)"
: = [E11.6 E12.ks 5 E1kls
(F(m)¢,—1)"
Apk=index of the highest amplitude component of = _h WFok=1;
Apk = Ap k-1 U Aok
{’Abk = (qu-,AbkEIv/\bk)71E]1-,Aka;
If|bl7bvk|< f‘,
let by, : ba,(hy) = L1,
El Ay él,Ack(hb)A: [
Toke =Y — E1,Abkgb/‘bks:

Estimating c:
bIF(1)
biF(2)
Sk = . = [E21,ks E22,ks ** +» E21k ]
bLF(m)

A= index of the highest amplitude component of E;  rc k—1;
Ack = Ac,k—l U )\ck;
éAck = (E;,AckEZsAck )_lEE,AckY;

If |6h k|< &,

IEt cAkg cAk( ) - [ ]
B2, Age 1—-2Ak( =I5
Toke =Y — Ebp, Acke CACkF

if | rpre || < &1 and ||rge || < €1, stop the iteration;

Otherwise

Return with k=k + 1.

Estimated parameter vectors: b At (by) and & Age (€)-

4. The existing hierarchical least squares (H-LS) method

141

For comparison, we describe the existing H-LS algorithm. Refer to [16,17], the existing H-LS algorithm for Hammerstein

system is under the condition of known n, and n..
Define the information matrix and the parameter vectors:
filut = D, folut = D, ... foe[u(t = 1)]
filu(t — 21, folu(t — 2)1, .. ., foc[u(t — 2)]
Fe(t) = . e R,

Lt — )], folu(t — )], ... fo [u(t — np)]
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bE = [bl, bz, ey bnb]T c ]R"b7
e =[c1.c, ... o]t €R™,
then we have
y(t) = bgFe(t)ee + v(t). 22)

Define a quadratic cost function containing two parameter vectors,

L
Je(bg, c&) Z[V bTFE CE]Z»
t=1

Under the known n;, and n., according to the least squares principle and the hierarchical identification principle [16,17],
minimizing the cost functions J¢(bg, ¢g) with respect to bg and ¢ gives

be(t) = be(t — 1)+ Lig(O)y(t) — be (£ — DFe(t)éx(t — 1T, (23)
Lig(t) = Pip(t — 1)Fe(t)éx(t — 1) x {1+ [Fe(t)e(t — 1)]"Pe(t — 1)Fe(t)éx(t — 1)} 7! (24)
Pie(t) = {I — Lig(0)[Fe(t)é(t — D1"}Pie(t — 1), (25)

Ce(t) = (t — 1)+ Lag()[y(t) — BE(EFe(£)és(t — 1)1, (26)
Lo(t) = Po(t — DIBL(E)F(O]" x {1+ BE(EFe(¢)Pa(t — DIbE(E)Fe(0)]") ", (27)
Pae(t) = [I — Le(t)bE(t)Fe(t)IPo(t — 1), (28)

filu(t =1 fHlut =11 -+ fao [ut —1)]
flutt —2)1  flu(t—2)1 - fulult —2)]
F:(t) = : . . . (29)

u(t — )] Hlu(t — )] oo flu(t — np)]

With the known nj, and n,, the above hierarchical least squares will take a large computation and a lot of time to get the
estimated vectors bg and ¢z.

5. Examples
5.1. Example 1

Consider the following Hammerstein system

y(t) = B(z)x(t) + v(t),
x(t) = cqu(t )+ cu?(t) = 0.95u(t) — 0.60u>(t),
B(z) = by1z7' 4+ byz7?2 =1+ 0.80z"! +0.20z72,
b = [0.80,0.20,0,...,0]", ¢ =[0.95,—0.60,0,...,0]".
N —’ N —’
4 zeros 4 zeros

In simulation, the input {u(t)} is taken as an uncorrelated persistently excited signal vector sequence with zero mean and
unit variance, and {v(t)} is taken as a white noise sequence with zero mean and variance o2 = 0.022.

For the proposed H-OMP algorithm with unknown orders n, and n.: sample 12 set of input-output data, apply the
proposed H-OMP algorithm to estimate the parameters of this system, the parameter estimates and their errors are shown
in Table 1. The estimation error of the parameters is

b, — b)) + ||& —c|?
ak:\/uk [
DI + el

For the existing H-LS algorithm with known orders n, = 2 and n, = 2: sample 5000 set of input-output data, apply the
H-LS algorithm to estimate the parameters of this system, the parameter estimates and their errors are shown in Table 2.
The estimation error of the parameters is

b — b2 + & —c|’
BE::\/II Dbl g
1+ el
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Table 1

The parameter estimates and errors of the H-OMP algorithm.
k 1 2 3 4 5 6
by =0.85 0.850 0.840 0.876 0.879 0.865 0.865
b, =0.20 0.000 —0.176 —0.187 —0.187 —0.175 —0.178
b3 = 0.00 0.000 0.000 0.000 0.000 0.000 0.000
bs = 0.00 0.000 0.000 0.000 0.000 0.000 0.000
bs = 0.00 0.000 0.000 0.000 0.020 0.004 0.003
be = 0.00 0.000 0.000 0.000 0.000 0.000 0.000
¢ =0.70 0.000 0.000 0.580 0.687 0.690 0.692
c; = —0.40 0.000 0.000 0.000 —0.392 —0.385 —0.394
c3 = 0.00 0.000 0.000 0.000 0.000 0.000 0.000
¢4 = 0.00 0.000 0.000 0.000 0.000 0.000 0.000
¢s = 0.00 0.104 0.147 0.000 0.000 —0.001 0.000
¢ = 0.00 0.000 —0.083 —0.080 0.000 0.000 0.000
Sk(%) 70.436 69.340 35.860 3.368 2917 2.473

Table 2

The parameter estimates and errors of the H-LS algorithm.
t 100 200 500 1000 2000 5000
by =0.85 0.014 0.025 0.291 0.816 0.818 0.817
b, = —0.20 0.007 0.004 0.019 —0.186 —0.193 —0.192
¢ =0.70 0.015 0.024 0.217 0.724 0.731 0.729
¢ = —0.40 0.004 —0.005 —0.187 —-0.419 —0.413 —0.414
8e(%) 98.654 97.237 67.280 3.997 3.940 3.934

The simulations are summarized as follows:

(1) Tables 1 and 2 show that the parameter estimation errors become (generally) smaller and smaller with the iteration
k increasing or with the recursion t increasing.

(2) Table 1 shows that 4 (n, + n.) support atoms are selected at k= 4, where 2 wrongly selected atoms corresponding to
parameters cs and cg are deleted with iteration k increasing.

(3) The H-OMP algorithm with 12 set of data and the existing H-LS algorithm with 5000 set of data perform parameter
estimation algorithm to obtain similar parameter estimation accuracy.

5.2. Example 2

Consider a simple experimental setup of a water tank system in Fig. 1, where u(t) is the valve opening, x(t) is the water
inlet flow, and y(t) is the liquid level. This system from u(t) to y(t) can be modeled by a simple Hammerstein model,

X(t) = yud(t) + youl(t) + - + pu'(t),
Y(&) = Bix(t — 1) + Box(t — 2) + - - + Bix(t — 1) + v(t), (30)

then y(t) can be expressed as

I
Y(©) = Y Byt — i) + you(t — ) + - + (e — )]+ v(t),
i=1

= BTFy + v(t).

Suppose the enough length | = 6 for orders f; and y,, the parameter vectors 8 = [B1, B2, ..., Al and ¥ = [y1, 2, ..., yiIT
are sparse. Then we can apply the H-OMP algorithm to estimate the parameter vectors § and y.

Due to the different variable sampled with different scales, all the input and output variables need be re-scaled to be
included within the interval [—1, 1] by using the following equation:

~ h(t) — hpin(t
hmax(t) - hmin(t)

where h(t) and h(t) are the old and new values of a sampling point respectively. hpyn(t) and hy,q(t) are their minimum and
maximum values. The fitting accuracy of the model is evaluated in terms of their mean square errors (MSE), defined as

1
MSE = . ;mm — (0P
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Fig. 1. An experimental setup of a water tank system.

Table 3

The parameter estimates and mean square errors of the PV system.
k B B2~ Bs 2 V2 3™ ¥ MSE
10 0.423 0 0.353 1.070 0 3.23%

where y(t) is an estimate of the real output y(t). Applying the proposed H-OMP algorithm to estimate the parameters of this
system, the estimates of B, y, and their mean square errors (MSE) are shown in Table 3. It is clear that the MSE is small, the
Hammerstein model and the H-OMP method is effective for modeling a water tank system.

6. Conclusions

This paper investigates the identification problems of a block-oriented Hammerstein system by using the sparsity-
seeking hierarchical orthogonal matching pursuit (H-OMP) optimization algorithm of the compressed sensing theory. The
idea is to recast the block-oriented Hammerstein system into two pseudo-regressive sub-systems by using the hierarchical
identification principle. Each sub-system contains the parameters of the nonlinear part or the parameters of the linear part.
Then the H-OMP algorithm is investigated to interactively select the parameters and orders of the nonlinear and linear parts.
The characteristics of the proposed algorithm lie in three aspects:

e In contrast to the standard OMP algorithm with known measurement matrix, there exist unknown variables in the
measurement matrix =; and =, in the H-OMP algorithm.

e Due to replacing the unknown variables with their estimates in =, and =,, there exists the correcting process of
picking up and deleting wrongly selected atoms with iteration k increasing.

e The advantage of the H-OMP method over the traditional identification methods for the Hammerstein system is that
it is not necessary to collect a lot of data and invest a lot of power on the parameter identification.

The proposed identification method can be extended to various systems, such as time-delay systems [38,39], multivariate
systems [40,41], network systems [42,43] and process systems [44,45], etc.
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