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Preface

The material in this report/book is meant to be used as lecture notes in practi-
cal and theoretical system identification and the focus is on so called subspace
system identification and in particular the DSR algorithms. Some of the ma-
terial and some chapters are based on published papers on the topic organized
in a proper manner.

On central topic is a detailed description of the method for system iden-
tification of combined Deterministic and Stochastic systems and Realization
(DSR), which is a subspace system identification method which may be used
to identify a complete Kalman filter model directly from known input and out-
put data, including the system order. Several special methods and variants of
the DSR method may be formulated in order to be used for the identification
of special systems, e.g., deterministic systems, stochastic systems, closed loop
system identification etc.

Furthermore basic theory as realization theory for dynamic systems based
on known markov parameters (impulse response matrices), practical topics as
effect of scaling, how to treat trends in the data, selecting one model from
different models based on model validation, ordinary least squares regression,
principal component regression as well as partial least squares regression, etc.

Parts of the material is used in the Mater Course, SCE2206 System Identi-
fication and Optimal Estimation at Telemark University College.

The material is also believed to be useful for students working with main
thesis on the subject and some of the material may also be used on a PhD
level. The material may also be of interest for the reader interested in system
identification of dynamic systems in general.
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Chapter 1

Preliminaries

1.1 State space model

Consider a process which can be described by the following linear, discrete time
invariant state space model (SSM)

Tkr1 = Axp+ Bup+ Cug (1.1)
yr = Dz + Fup + Fug (1.2)

where the integer £ > 0 is discrete time, x;, € R is the state vector, ui € R" is
the input vector, v, € R! is an external input vector and y;, € R™ is the output
vector. The constant matrices in the SSM are of appropriate dimensions. A
is the state transition matrix, B is the input matrix, C is the external input
matrix, D is the output matrix and F is the direct input to output matrix and
F is the direct external input to output matrix.

The following assumptions are stated:

e The pair (D, A) is observable.
e The pair (4,[ B C ]) is controllable.

In some cases it is not desired to identify the direct input to output matrix
E. If E is apriori known to be zero then usually the other model matrices can
be identified with higher accuracy if F is not estimated. For this reason, define
the integer structure parameter g as follows

dif{ 1 when E # Opxr

1 0 when E =0,,xr (1.3)

1.2 Inputs and outputs

First of all note that the definition of an input vector uy in the system identi-
fication theory is different from the vector of manipulable inputs ug in control
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theory. For example as quoted by Ljung (1995) page 61 and Ljung (1999)
page 523. Note that the inputs need not at all be control signals: anything
measurable, including disturbances, should be treated as input signals.

Think over the physics and use all significant measurement signals which is
available as input signals in order to model the desired output signals. With
significant measurement signals we mean input variables that describes and
observes some of the effects in the outputs.

For example if one want to model the room temperature, one usually gets
better fit when both the heat supply and the outside temperature is used as
input signals, than only using the heat supply, which in this case is an manip-
ulable input variable.

An example from the industry of using measured output signals and ma-
nipulable variables in the input vector uy is presented in Di Ruscio (1994).

Hence, input signals in system identification can be manipulable input vari-
ables as well as non-manipulable measured signals, including measurements,
measured states, measured properties, measured disturbances etc. The mea-
surements signals which are included in the input signal may of course be cor-
rupted with noise. Even feedback signals, i.e., input signals which are a function
of the outputs, may be included as inputs.

An important issue is to ask what the model should be used for. Common
problems are to:

e Identify models for control.
Important aspects in this case is to identify the dynamics and behaviour
from the manipulable input variables and possibly measured disturbances
upon the controlled output variables. The user must be careful to include
possibly measured states as input signals in this case. The reason for this
is that loss of identifibility of the behaviour from the manipulable inputs
to the outputs may be the result.

e Identify models for prediction of property and quality variables.
Generally speaking, the prediction and fit gets better when more measured
signals are included as inputs and worse when more outputs are added.

e Identify filters.
This problem is concerned with extraction of signals from noisy measure-
ments.

1.3 Data organization

1.3.1 Hankel matrix notation

Hankel matrices are frequently used in realization theory and subspace sys-
tem identification. The special structure of a Hankel matrix as well as some
notations, which are frequently used throughout, are defined in the following.
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Definition 1.1 (Hankel matrix) Given a (vector or matriz) sequence of data
s € R (01,2 to.to+1,..., (1.4)

where nr is the number of rows in s; and nc is the number of columns in s;.

Define integer numbers tg, L and K and define tne the matrix Sy as follows

Sto Sto+1  Sto+2 s Stp+K—1
St . d:ef Sto+1 Stog+2  Stp+3 T Stp+K c RLnTXKnC (1 5)
0 . . . . . . .
Sto+L—1 Sto+L Sto+L+1 " Sto+L+K-2

which is defined as a Hankel matriz because of the special structure. The integer
numbers tg, L and K are defined as follows:

e 1y start index or initial time in the sequence sy, which is the upper left
block in the Hankel matriz.

o L is the number of nr-block rows in Sy

e K is the number of nc-block columns in Sy|r-

A Hankel matrix is symmetric and the elements are constant across the anti-
diagonals. We are usually working with vector sequences in subspace system
identification, i.e., s; is a vector in this case and hence,nc = 1.

Example 1.1 Given a vector valued sequence of observations
s € RV 1,2,...,N (1.6)

with N = 10. Choose parameters to = 3, L = 2 and use all observations to
define the Hankel data matriz Sgj5. We have

53 S4 S5 S ST S8 89
53‘2 = € RLHTX’?. (17)
S4 S5 S ST S8 SS9 S10

The number of colummns is in this case K = N —tg =1T.

1.3.2 Extended data vectors

Given a number L known output vectors and a number L 4+ g known input
vectors. The following extended vector definitions can be made

YL = e R (1.8)
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where L is the number of block rows. The extended vector yy,r, is defined as the
extended state space vector. The justification for the name is that this vector
satisfy an extended state space model which will be defined later.

Uk

Uk+1
1€ . L+g)m

Uk+L+g—2

| Uk+L4g—1 |

where L+ g is the number of block rows. The extended vector uy,r, is defined
as the extended input vector.

1.3.3 Extended data matrices

Define the following output data matrix with L block rows and K columns.

Known data matrix of output variables

Yk Ye+1  Yk+2 o Y+ K-1
Yk+1 Yk+2  Yk+3 o Ykt K

YL def . . L e RE™EK - (1.10)
Yk+L—-1 Yk+L Yk+L+1 -~ Yk+L+K-2

Define the following input data matrix with L + g block rows and K columns.

Known data matrix of input variables

Uf Uk+1 Uk+2 o Uk K1
Uk+1 Uk+2 Uk+3 T Uk+K
Uk|L+g def : : : L c R(LW)TX{(LH)
Uk+L+g—2 Uk+L+g—1 Uk+L+g ©r Uk+L+K+g-3
| Uk+L+g—1 Uk+L+g Uk+L+g+1 " Uk+L+K+g-2 |

1.4 Definitions

Associated with the SSM, Equations (1.1) and (1.2), we make the following
definitions:

e The extended observability matrix (O;) for the pair (D, A) is defined as
D
aef | DA .
0, e Rimxn (1.12)
DAi—l

where the subscript ¢ denotes the number of block rows.
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e The reversed extended controllability matrix C¢ for the pair (A, B) is
defined as

i A-'B A2B ... B] e R™7 (1.13)
where the subscript i denotes the number of block columns.

e A reversed extended controllability matrix C; for the pair (A, C') is defined
similar to Equation (8.4),

;[ alc A0 ... 0] e R (1.14)
i.e., with B substituted with C' in Equation (8.4.

e The lower block triangular Toeplitz matrix (Hf) for the quadruple matri-

ces (D,A,B,E)
2 0 0 e 0]
DB E 0 0

i | DAB DB E 0 e Rimx(itg—1p 15)
| DA™2B DA"3B DA"'B .- E |

where the subscript ¢ denotes the number of block rows and ¢ + g — 1 is
the number of block columns.

e A lower block triangular Toeplitz matrix H; for the quadruple (D, A, C, F)
is defined as

F 0 0 - 0
DC F 0 - 0
Hfdﬁf DAC DC F o0 c Rimxil(1‘16)
| DA™2C DA"™3C DA™'C ... F |

1.5 Extended output equation

1.5.1 Extended vector output equation

The state space model, Equations (1.1) and (1.2), can in general be written as
the following extended vector output equation

Yk = Orxg + H%uk|L+gfl + HivkL (1.17)

Proof: Stack L outputs defined by Equation (1.2) and substitute for the state
vector given by Equation (1.1). QED.
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1.5.2 Extended output matrix equation

The extended vector output equation can in general be written as the following
extended output matrix equation

Vi = OLXe + HiUp -1 + Hi Exjz (1.18)
where
def
X C [ 2 oo -0 Thago1 ] c RxK (1.19)

Proof: The proof follows from the extended vector output equation (1.17).
QED.

1.6 Observability

Theorem 1.6.1 (Observability)
The system (1.1) and (1.2) is completely observable if the extended observability
matriz Op ERF™ " defined by Equation (8.3) satisfy

rank(Or) =n

for all numbers L of block rows given by

def { n—rank(D)+1 when m<n (1.20)

> Lonin &
L Z Luin 1 when m>n

A

Proof:
We have from equation (1.17) that

d s
Orxk = ypr — Hiukirg—1 — HiUkL

Assume that the extended observability matrix has full rank. The state vector
can then be computed from

zr = (0L01) " OF (yir — Hiukipyg—1 — Hivwr)

if rank(Or) = n and the right hand side is known. If rank(Or) < n then only
a part of the state vector (xj) can be observed. QED.

We will define Op, as the extended observability matrix when the number
of block rows satisfy L > Ly, and only the sl observability matrix when the
number of block rows is L = Ln.

The row size of the extended observability matrix Op, is Lm. The minimal
number of block rows Ly, in the multiple output case follows from an argu-
mentation for when Lm > n and for when rank(Op) = n. In the single output
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case with (m = rank(D) = 1). Then we must have L > n in order for O, not
to loose rank.

The lower bound for the number of block rows in the observability matrix
is the ceiling function of n/m which is defined as the integer rounded towards
+0o of the integer to integer ratio n/m. The upper bound must be n due to
the Cayley-Hamilton theorem. Hence, for an observable system the minimum
number of block rows in the observability matrix is bounded by

(2] < Ly < (1.21)
m

It can be shown, Kalman, Falb and Arbib (1969), Ch.2, p. 38, that the rank of
the matrix O, must increase by at least one (maximum m) as each block row
is added to the observability matrix, until the maximal rank (n) is reached. If
rank(D) = m then it will be sufficient to include at most n —m block rows DA,
<o+, DA™ ™ to see whether the maximal rank of O, can reach n. Hence, for an
observable system with rank(D) = m it is sufficient with

Lypin=n—m+1

block rows in the observability matrix to ensure that rank(Op, =n.

min)
Finally to see that Lpyiym > n consider the multiple output case when
m = rank(D) and m < n. From Theorem 1.6.1 we must have

Lyimym=(n—-—m+1)m>n

4
(n—=m)(m—1)>0

which prove that L,,;,m > n when m < n.

Example 1.2 (Observability)
Given a system with m =2 and n =4

000 0
1000 00 10

D‘[o oo}’A_ 0001 (122)
000 0

For this system the rank of the observability matriz O3 = [D; DA; DA?] will
increase by one each time the block row DA and DA? is added until the mazimal
rank 4 is reached, i.e., Ly, = 3 for this system. Changing elements in A so
that a4 = 1 and agq = 1, i.e., for

(1.23)

b

Il
o O OO
o O OO
o O = O
O R = =

gives the necessary number of block rows, L, equal to only [n/m]|=2. This
means that rank(Oz) = 3 in this last case. <



Preliminaries

1.7 Extended state space model

An extended state space model (ESSM) will be defined in this section.

The importance of the ESSM for subspace system identification is that it
gives us an equation where the states is eliminated. It leads us to an algorithm
for which the system model can be recovered from the known input and output
data. The importance of the ESSM for model predictive control is that it
facilitates a simple and general method for building a prediction model.

Theorem 1.7.1 (Extended state space model)
The SSM, Equations (1.1) and (1.2), can be described with an equivalent ex-
tended state space model (ESSM)

Yrr1r = ALy + Brugp g + Crog (1.24)

where the extended state space vector y;, and the extended input vector uy g4
are defined in equations (1.8) and (1.9). The extended external input vector
VL1 @8 defined similarly.

The integer number L which define the number of block rows in the extended
state vector must satisfy

where the minimal number of block rows is defined by

det [ n—rank(D)+1 when m<n
Lmin = { 1 when m>n (1.25)
The matrices in the ESSM are given as
A, ¥ 0,40%0,) 0T € RImxLm (1.26)
B, ¥ [ 0B HL]—AL[ HE Opmxr | € RE™XEH9T (197
= def 1 m
Co € [0C Hy ] —AL[ HE Opmw | € RE X(ADE(1.28)

A

Proof: See Di Ruscio (1994).
The ESSM has some properties:

1. Minimal ESSM order. The minimal ESSM order L,,;,, defined in
Equation (1.25), defines the minimal prediction horizon.
Proof: Same as proving observability, in this case (OfmmOme)_l is
non-singular and the existence of the ESSM can be proved.

2. Uniqueness. Define M as a non-singular matrix which transform the
state vector x to a new coordinate system. Given two system realiza-
tions, (A, B,C,D,F) and (M~*AM,M~'B,M~'C,DM,F). The two



1.8 Controllability

realizations gives the same ESSM matrices for all L > L.
Proof: The ESSM matrices are invariant under state (coordinate) trans-
formations in the SSM.

3. Eigenvalues. The ESSM transition matrix (A7) have the same (n) eigen-
values as the SSM transition matrix (A) and Lm — n eigenvalues equal to
Z€ero.

Proof: From similarity, Equation 8.91.

In the subspace identification algorithm, Di Ruscio (1995), it is shown that
the ESSM can be identified directly from a sliding window of known data.
However, when the inputs used for identification are poor from a persistent
excitation point of view, it is better to only identify the minimal order ESSM
as explained in the paper. Note also that L,,;, coincides with the demand for
persistent excitation of the inputs, i.e., the inputs must at least be persistent
exiting of order L,,;, in order to recover the SSM from known input and output
data.

Assume that a minimal order ESSM is given and defined as follows
yk+1|Lmin = ALminyk‘Lmin + BLminuk|Lmin + éLminUk?‘Lmin‘f‘l (129)

If the prediction horizon is chosen greater than L, it is trivial to construct
the following ESSM from the minimal ESSM.

By USing Ykt 1|1—Lynsn = Ykt1|L—Los, 0 addition to Equation (1.29) we ob-
tain the following ESSM model matrices

L OLminmX(L_Lmin)m ALmin

B, - O(L=Lpnin)mxLr _ ] (1.31)
L OLminmX(L_Lmin)r Lmin

éL — O(L_Lmin)mX(L+1)l - ] (1.32)
L OLmznmX(LfLmzn)l L'min

This last formulations of the ESSM matrices is attractive from an identifi-
cation point of view.

It will also have some properties with respect to noise retention compared to
using the matrices defined by Equations (8.91) to (8.93) directly in the model
predictive control algorithms which will be presented in a later chapter.

1.8 Controllability

Theorem 1.8.1 (Controllability)
The linear system (1.1) described by the pair (A, B) is completely controllable if
the extended controllability matrix Cf}ER"XJ’” defined by Equation (8.4) satisfy

rank(C%) = n,
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for all numbers, J, of block rows given by

def { n—rank(B) +1 when 1 <n, (1.33)

> Joim O
J 2 Jmin 1 when r > n.

1.9 ARMAX and extended state space model

Given a polynomial (ARMAX) model in the discrete time domain as follows

Ukioin = A1y + Brugirg + Crogp i (1.34)

where the polynomial (ARMAX) model matrices are given by

1211 d:ef [ Ay Ay - Ap } c ]Rmem7
BBy B - By, Bry,] € R™Utor (1.35)
él d:ef [ CO Cl o CL CL+1 ] e RmX(L+1)m.

where A; €e R™*™ fori=1,...,L, B e R™*" fori=0,...,L+g, C; € R™*™
fori=0,...,L+ 1. This model can be formulated directly as an ESSM which
have relations to the SSM matrices. We have

0 I - 0 0
0O O - 0 0
A = Do : e REbmxLm (1.36)
0 0 -0 I
| A1 A - Ap oy Ap
[0 0 -0 0 0 i
0 0 0 0 0
B = | i : : e REmx(I+9) 37)
0 0 - 0 0 0
| Bo Bi -+ Brig-2 Brig-1 Bryg |
0 0 -~ 0 0 0 i
0 O - 0 0 0
Cpo= | @ & oo e REMXEFU™ - (1.38)
o o0 --- 0 0 0
| Co Cy -+ Cr1 Cr Cryr |

Example 1.3 (Conversion of first-order ARMAX to ESSM)
Consider the ARMAX model

Yk = ayr—1 +bup_1 + fep + cep_1 (1.39)
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An ESSM with L = 3 can be constructed as follows.

Ye+1 = Yk+1
Yk+2 = Yk+2
Yk+3 = QYkt2 T bugio + fepts + cepio
which gives
€k
it 01 077 00 07T u 0000 )
Yoo | =10 0 1 Yes1 |+ 0 0 0 Uppr1 |+ 0 0 0 0 62“
Ykt 00 a] [ g 0 0 b | ws 00 c f 2
~— €L+3
Yk+1[3 As Yk|3 Bs Uk|3 Cs —
€k|L+1
(1.40)

The model is proper, i.e. g = 0. This can also be seen from the ARMAX model.
There is no direct feed-through term from the input uy to the output yy.
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Chapter 2

Realization theory

2.1 Introduction

A method for the realization of linear state space models from known system
input and output time series is studied. The input-output time series are usually
obtained from a number of independently input experiments to the system.

2.2 Deterministic case

2.2.1 Model structure and problem description

Assume that a system can be illustrated as shown in Figure (2.2.1). y € R™

Figure 2.1: Dynamic system with inputs and outputs

is the system outputs which are measured, u € ™" is the system inputs which
can be manipulated, v € £ is unknown system disturbances, and w € "™ is
unknown output (measurement) disturbances.

Assume that the system can be described by the discrete state space model

Tiy1 = Az + Bu; + fi(0;) (2.1)
yi = Dz;i+ gi(w;)
where 7 is discrete time, ie. an integer, x € R"” is the state vector, and x is the

initial state. A, B and D are time invariant matrices of appropriate dimensions,
where (A, B) is a controllable pair and (D, A) is an observable pair.

The problem investigated in this work is to estimate the state space model
matrices A, B and D from known input and output time series. The input-
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output time series are usually obtained from a number of independently input
experiments to the system. f(-) and g(-) are non-linear functions.

The derivation of the method will be based on the assumption that the
functions f and g are linear, ie.

fi(vi) = Cv; 9i(w;) = w; (2.3)

This is not a restriction, but a choice, which make it possible to apply stochastic
realization theory to estimate the noise covariance matrices, in addition to A,
B and D.

2.2.2 Impulse response model

A linear state space model x,+1 = Axy + Buy and y, = Dxy + Fuy with the
initial state xg given, can be described as the following impulse response model

k
Yp = DAka?o + Z DAkiiBui_l + Fuy. (2.4)
=1

We define the matrix
Hy_iy1 = DAF'B ¢ RWXm, (2.5)

as the impulse response matrix at time instant £ — ¢+ 1. hence, the output, yp,
at time instant k is defined in terms of the impulse response matrices H; = DB,

Hy, = DAB, ..., H, = DAF1B.

2.2.3 Determination of impulse responses

To determine the impulse responses a set of process experiments have to be
performed. u! is defined as the control input at time instant i for experiment
number j, and yZJ is the corresponding process output. The derivation is based
on information from mk = nu+1 experiments, however, this is not a restriction.

The derivation is based on the assumption that the noise vectors f and g
are the same for each experiment. In this case, exact impulse responses are the
result of this method.

In most cases, the noise vectors are different for each experiment, for exam-
ple when the disturbances are white noise. In this case errors are introduced,
and a crude estimate may occur. However, these errors may be reduced.

Time instant i = 1

r1 = Axg+ Cvg+ Bug (2.6)
y1 = D(Al‘o + 0170) + w1 + DBuyg (27)
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or in matrix form

1

== H1}|:u0:| (2.8)
where

H, = DB (2.9)

z1 = D(ACE(] + C’l_)g) + wq (210)
For nu + 1 experiments

ones(l,nu+1
0
where
Time instant ¢ = 2
To = A(A{L‘() + C’l_)()) + Cv1 + ABug + Bu (2.13)

y2 = D(A%xq + AC% + Cy) 4 w2 + DABug + DBuy (2.14)

or in matrix form

1
y2=| 2z Hy Hi|| u (2.15)
51
where
H, = DAB (2.16)
Z9 = D(Azx() + AC7vg + 01_11) + w2 (2.17)

For nu + 1 experiments

ones(1,nu + 1)

Y'Q = [ zZ2 H2 H1 ] U() (218)
Ur
where

Time instants ¢ = 1,...,2n
The results, for time instants 1 to 2n, may be stacked in the following matrix
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system, which have a suitable structure for the determination of the unknown
matrices H; and the vectors z;. Note that the information from time instant
1 = 0 is not necessary at this point.

- - - 1 1) ]
v, W H 00 0 ones( (,]nu+ )
Ys 2 Hy Hp 0 0 UO
1
5.@) 23 {{s Hy H,y 0 U, (2.20)
| Yo, | Zon  Hoap H3z Hy Hyp | U '
2n—1

This linear matrix equation may be solved recursively. Start with ¢ = 1 and
solve for [z; Hi]. Then successively solve the i th equation for [z; H;] for
i=1,...,2n. We have

1—1
[ v H ] [ 0n63<1,UZ’U,+ 1) } — (Yz _ ZHi—kUk) (2.21)
k=1
i—1 —1
[z Hi ] = (Y=Y HiUy) [ nestl Y ] (2.22)
k=1

because the matrix is non singular by the definition of the input experiments
uw j=1,....,nu+ 1.

We have now determined the impulse responses H; and the vectors z; for
all i = 1, ..., 2n which contain information of noise and initial values. H; and z;
can be expressed by
H; = DA™'B (2.23)
i
DA’z + Z DA™k Co_q + w;
k=1

Z; =

(2.24)

Observe that the sequence z; V i = 1,...,2n is generated by the following state
space model.

siv1 = As; +Cv; sp=xg (2.25)
zi = Ds; +w; (2.26)
where for the moment, 2, is undefined. Define e = x — s, then
eir1 = Ae;+ Bu; e =0 (2.27)
yi = De;i+ z; (2.28)

The problem is now reduced to estimate the matrices (A, B, D), which satisfy
the model, Equations (2.27) and (2.28), from known impulse respenses H;. In
addition, initial values and noise statistics can be estimated from the model
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given by Equations (2.25) and (2.26) where z; and the matrices A, and D are
known.

zo must be defined before continuing. At time instant ¢ = 0 we have yy =
Dxy + wg. For nu + 1 experiments

Yo = Zo (2.29)
Y(]:[yé yo Z/SUH] Z():[z[l) 2 26“”1] (2.30)

We have assumed that the initial values are equal for all experiments. In this
case zq is chosen as one of the columns in Yj. 2z can even be computed from

ones(1l,nu+ 1) -

[ZO O]ZYO Us

(2.31)
However, this last method can have numerical disadvantages. It is a method
for constructing a right inverse for ones(1,nu+1), and is nothing but the mean
of the columns of the matrix Yj.

If the initial values are different for some or all nu + 1 experiments, then,
there are obviously many choices for zyp. One choice is the mean of the columns
of the matrix Yj, which is consistent with the case of equal initial values, ie.

1 nu+1 ]
= >yl (232)
j=1

2.2.4 Redundant or missing information

Assume that the number of experiments, m, are different from nu + 1. In this
case we have

i—1
[ Z3 Hi ] 00 = <Yz — ZHszUk) (2.33)
k=1

Assume that m > nu+1 and rank([?OUOT) = m, then, the solution of Equation
(2.33) with respect to H; and z; is given by

i—1
[z Hi | ==Y H_ U (Uo05) (2.34)
k=1
Assume that m < nu-+1 or mnk(UoUg ) < m. An approximate solution is
determined by

i—1
[z H; | = ;=) H_yU)VSTU" (2.35)
k=1

where

Uy=USVT (2.36)
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is the singular value decomposition. In any cases the solutions discussed above

minimizes the 2 - norm of the error residual.

Note the connection to the theory of multivariate calibration, Martens and
Naess (1989), where usually a steady state model of the form y = Hu + z is
chosen to fit the data. The gain H is computed in the same way as outlined
above. Our method can thus be viewed as a dynamic extension of the theory

of multivariate calibration.

2.2.5 The Hankel matrices

The (block) Hankel matrices, which contains information of the system matri-
ces, can now be constructed from the impulse responses H; V i =1, ..., L + J.

| Hrv1 Hpqo

Hy
Hyia
Hjyio

Hpyg |

§Rny(L+1) xnu-J

We extract the following submatrices of interests.

Hy H Hj
Hy Hj Hy
H,=H,=| H Hi Hs
| H, Hrg
[ H, Hj Hs
Hj H, H,
H2|L = HA = H4 H5 H5
| Hry1 Hpqo
- ]
Hy
Hp = | Hs
| AL |

Hp=[ H H; Hs

Hy
Hjp

H]+2 §Rny-L><nu-J

Hpij-1 ]

Hiyq

Hyio
HJ+3 §Rny~L><nu~J

Hryg |

%ny-LXnu

HJ ] §Rny><nu~J

(2.37)

(2.38)

(2.39)

(2.40)

(2.41)

The realization theory is based on the observation that these matrices are closely
related to the observability matrix Op, and the controllability matrix C; given
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by.
D -
DA
o, = | DA? gny-Lxna (2.42)
bALfl
C;=[B AB A’B ... A/7lB] gl (2.43)

The following factorization is the basic for the realization of the number of
states nx and the system matrices A, B and D.

Hn = H1|L = OLCJ (244)

At this stage it must be pointed out that the factorization of the Hankel ma-
trix by numerical methods, usually results in observability and controllability
matrices for a model representation in a different co-ordinate system than the
underlying system.

The number of states nx is estimated as the rank of H, = Hy|;. To obtain
a proper estimate we must ensure that

L > nx —rank(D) + 1, J > nz —rank(B) + 1. (2.45)

The reason for this is that, in this case, rank(Or) = nz when the pair (D, A) is
observable, and similarly, rank(C;) = nx when the pair (A4, B) is controllable.
Or, and C; may be determined by a suitable factorization of the known block
Hankel matrix, H,, = H; 7. The system matrices is then chosen to satisfy the
following three matrix relations.

Hy,=Ha=0,AC;, Hp=0,B, Hp=DC; (2.46)
The system matrices are then estimated by
A = (OTOL) totu, ot (e, (2.47)
B = ( Or)~ OLHB, (2.48)
D = Hpct(c,chHL, (2.49)

Assume for the moment that v = w = 0. The initial values satisfy, in this case
zn = O Axg (2.50)

and can be estimated by
o= A" 0fT0) ot 2, (2.51)

if A is non-singular. If A is singular then the information from time instant
1 =0, yo = Dxg + Wy, or zg = yo = Dxy by assumption, can be added to the
algorithm to avoid the inversion. We have

zo = (0T0r) 1073, (2.52)
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where z,, = [zg , z,:';_l]T is the vector where zy is augmented to the first n — 1

elements in z,.

Note that the estimated model matrices usually are related to a different co-
ordinate system than the underlying model. Let x = T'Z be the transformation
from the estimated state vector & to the underlying state vector . The observ-
ability and controllability matrices are given by Op, = O;T and C; = T~1C}.
Which means that the transformation T is given by

T =(0fYo)tofo,, 1'=c;ctc;et)t (2.53)

2.2.6 Balanced and normalized realizations

Perform the singular value decomposition, SVD, of the finite block Hankel ma-
trix H,.

Hy, =H,=0,C;=USV =US SV, (2.54)

The order of the state space model is equal to the number of the non zero
singular values which is the same as the rank of H,, ie. nx = rank(H,).
A reduced model is directly determined by choosing a subset of the non zero
singular values.

The following choices for the factorization of the Hankel matrix into the
product of the observability and controllability matrices results directly from
the SVD.

Op =US1, Cj=8VT (internally balanced),
O =U, Cy;=SVT (output normal), (2.55)
OL=US, C;=VvVT (input normal).

These factorizations are called internally balanced, output normal and input
normal, respectively, according to the definitions by Moore (1981). See also
Silverman and Bettayeb (1980). The meaning of these definitions will be made
clear later in this section.

If the internally balanced realization, as in Aoki (1990), is used, then the
system matrices are estimated by

A=STTUTH VST
B=S;TUTHp (internally balanced) (2.56)
D=HpVS, "

The output normal and input normal realizations are related to the co-ordinate
system, in which the internally balanced system is presented, by a transforma-
tion. These realizations are shown below for completeness.

A=UTH,V S
B=UTHpg (output normal) (2.57)
D= HDVS_1
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A=STIUTHLV
B=S"'UTHp (input normal) (2.58)
D =HpV

The initial values may in all cases be estimated from Equation (2.51) if v =
w = 0.

Note that the matrix multiplications to perform B and D are not necessary,
because B is equal to the first nx x nu submatrix of Cy = US; and D is
equal to the first ny x nx submatrix of Op = SoV7, in the internally balanced
realization.

Note that the SVD is not unique, in the sense that it may exist other
orthogonal matrices U and V satisfying H, = USV”. One can always change
sign for one column in U and in the corresponding column in V. However, S
is of course unique, if the singular values are ordered in descending order of
magnitude along the diagonal. This means that the estimated system matrices
are not unique, because the estimated matrices are dependent on the choice of
U and V, this is contradictory to the statement of uniqueness in Aoki (1990)
pp. 109.

However, the estimates have the properties that the L - observability and
the J - controllability grammians defined by

L
Wor = 070 =)» AUUTDTDAG- (2.59)
i=1
J . .
Wey = C,C7 =) AGDppRTAIT (2.60)
=1

satisfy

Wor = Spz Weg = Sns (internally balanced)
Wor =1 Weg = S2  (output normal) (2.61)
Wor =282, Wey=1 (input normal)

T

This can be shown by substituting the L - observability and the J - controlla-
bility matrices given in (2.55) into the grammians, Equations (2.59) and (2.60).

A model which satisfy one of the properties in (2.61) is called internally
balanced, output normal or input normal, respectively. This definitions are due
to Moore (1981).

The model produced by the method of Aoki (1990) is by this definition in-
ternally balanced. A model is called internally balanced if the corresponding
observability and controllability grammians are equal to the same diagonal ma-
trix. Particularly, a diagonal matrix with the non zero singular values of the
Hankel matrix on the diagonal, in this case. This imply that the new system is
”as controllable as it is observable”.

Note that the estimates (2.56) are not internally balanced due to the infinite
observability and the infinite controllability grammians W, and W,, which are
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the grammians for a stable system when n — oo in Equations (2.59) and (2.60).
These grammians satisfy the discrete Lyapunov matrix equations

ATW,A—-W,=-DTD, (2.62)
AW AT —Ww,.=-BBT, (2.63)

if A is stable.

The estimate of the process model is usually obtained from finite Hankel
matrices, i.e., for finite L and J. Note also that usually L = J. This model
estimate may be transformed to a model representation with balanced or nor-
malized grammians which satisfy the Lyapunov equations (2.62) and (2.63).
See Moore (1981), Silverman and Bettayeb (1980) and Laub (1980) for the
determination of such a transformation.

The statement that the internally balanced estimates are not unique will
now be clarified. Suppose that the model (A, B, D) is transformed to a new
co-ordinate system with = TZ. The grammians for the new system is then
given by

W, =TTW,T, (2.64)
W.=1T"'w.rT. (2.65)

Assume that both realizations is internally balanced so that

T™W,T =T *W.T-T = S, (2.66)
W, = We = Spa. (2.67)
This implies that
T7'S2.T =252, (2.68)
(2.69)

which constrain 7" to be a diagonal matrix with £1 in each diagonal entry. The
argumentation shows that a model which is internally balanced is not unique.
However, the set of such models are constrained within sign changes.

2.2.7 Error analysis
When the order of the state space model is chosen less than the rank of the
Hankel matrix, errors is introduced.

The output sequence may be written as

Yi = Z H,_jpup_1+ z (2.70)
k=1

where the impulse responses H; and the noise terms z; are known. See Section
(2.2.3).
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The estimated state space model can be written in input output form as
i
Ui = Z H; pup—1+ 2 (2.71)
k=1

where H; are the impulse responses computed from the estimated state space
model, and Z; is the output from an estimated model of the noise and initial
values based on the computed sequence z;.

The estimation error is given by

g = Z AH;_pup_1 + Az (2.72)
k=1

where Az; = z; + Z;, which states that the output sequence can be written

Yi = Ui + €5 (2.73)

2.3 Numerical examples

2.3.1 Example 1

Table 2.1: Input-output time series

t |1 2 3 4 5 6 7 8 9 10 11 12 13 14
u | 0.1 0.1 0.1 0.1 5 6 7 8 9 10 0.01 | 12 13 0.1
y | 0.10 | 0.01 | 0.05 | 0.06 | 0.01 | 0.01 | 0.01 | 0.02 | 0.01 | 0.01 | 0.01 | 0.01 | 0.01 | 0.01

2.4 Concluding remarks
Some (preliminary) comments are stated in the following items.

e It is not necessary that the time series are zero mean. If a linearized
model representation of a stable system around steady state values is the
goal, then, the mean steady state values of the inputs and outputs at time
instants ¢ = 0 shuld be subtracted from the input and output time series.

e The method works for unstable systems, provided the time series are
finite. The method is not based on time series covariance estimation in
the usual way, ie. estimating Ay = F(y;1xyl ) = DA* 1M by applying
series methods or Fourier transform techniques (M contain information
of noise statistics), or cross covariance estimation, ie. estimating Hy =
E(yiul’) = DAF1BE(uul).
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e The method works for non-minimum phase systems. If the time series are
generated from a state-output system (A, B, D), then the algorithm real-
ize an equivalent state-output system (A, B, D) with respect to impulse
responses, poles and zeros, even if the system is non-minimum phase. The
co-ordinate system in which the realized model is presented, is of course
generally different from the underlying co-ordinate system. The Markov
parameters are estimated from information of both u and y, not only y as
in standard realizing algorithms such as Aokis method. Recall that trans-
mission zeros cannot be observed from the outputs alone, which means
that realizing algorithms which are based on the estimation of Markov
parameters from y alone do not work for non-minimum phase systems.

e If the time series are generated from a transition-output system (A, B, D, F),
an essentially equivalent state-output system (A, B, D), with respect to
poles, zeros and impulse responses, is realized by this method. The in-
stantaneous dynamics from w to y in the transition-output system, are
realized with eigenvalues equal to zero in A, which means that states are
added which are infinitely fast. The spectrum of A is essentially equiva-
lent to the spectrum of A, exept for som zero poles added. The zeros of
the realization (A, B, D) is generally different from the zeros of an under-
lying system with realization (A, B, D, E). But the realization (A, B, D)
can be changed to a realization (A, B, D, E), with the same zeros as the
underlying system (A, B, D, E). This means that if the underlying system
(A, B, D, E) is non-minimum phase (zeros outside the unit-circle in the
z-plane), the realization (A, B, D) can lock like a minimum phase system
(zeros inside the unit-circle in the z-plane), hence; If there are zero eigen-
values (or zero in a relative sense) in the realization (A, B, D), change to
(A, B, D, E) system before computing zeros!

References

Aoki M. (1987). State Space Modeling of Time Series. Springer-Verlag Berlin,
Heidelberg.

Aoki M. (1990). State Space Modeling of Time Series. Springer-Verlag Berlin,
Heidelberg.

Laub, A. J. (1980). Computation of ”balancing” transformations. Proc.
JACC, San Francisco, FA8-E.

Martens, H. and T. Naess (1989). ”Multivariate Calibration”. John Wiley and
Sons Ltd. Chichester.

Moore, B. C. (1981). Principal Component Analysis in Linear Systems: Con-
trollability, Observability, and Model Reduction. IEEE Trans. on Auto-
matic Control, Vol. AC-26, pp. 17-31.



2.4 Concluding remarks

25

Silverman L. M. and M. Bettayeb (1980). Optimal approximation of linear
systems. Proc. JACC, San Francisco, FA8-A.



26

Realization theory




Chapter 3

Combined Deterministic and
Stochastic System
Identification and Realization
- DSR: A subspace approach
based on observations

Abstract

The paper presentes a numerically stable and general algorithm for identifica-
tion and realization of a complete dynamic linear state space model, including
the system order, for combined deterministic and stochastic systems from time
series. A special property of this algorithm is that the innovations covariance
matrix and the Markov parameters for the stochastic sub-system are determined
directly from a projection of known data matrices, without e.g. recursions of
non-linear matrix Riccatti equations. A realization of the Kalman filter gain
matrix is determined from the estimated extended observability matrix and the
Markov parameters. Monte Carlo simulations are used to analyze the statistical
properties of the algorithm as well as to compare with existing algorithms.

YECC95 paper extended with proofs, new results and theoretical comparison with existing
subspace identification methods. Also in Computer Aided Time Series Modeling, Edited by
Masanao Aoki, Springer Verlag, 1997.
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3.1 Introduction

System identification can be defined as building mathematical models of sys-
tems based on observed data. Traditionally a set of model structures with some
free parameters are specified and a prediction error (PE) criterion measuring
the difference between the observed outputs and the model outputs is optimized
with respect to the free parameters. In general, this will result in a non linear
optimization problem in the free parameters even when a linear time invari-
ant model is specified. A tremendous amount of research has been reported,
resulting in the so called prediction error methods (PEM).

In our view the field of subspace identification, Larimore (1983) and (1990),
Verhagen (1994), Van Overschee and De Moor (1994), Di Ruscio (1994), not
only resolves the problem of system identification but also deals with the addi-
tional problem of structure identification. In subspace identification methods a
data matrix is constructed from certain projections of the given system data.
The observability matrix for the system is extracted as the column space of this
matrix and the system order is equal to the dimension of the column space.

Descriptions of the advantages of subspace identification methods over tra-
ditional PEM can be found in Viberg (1995) and in Van Overschee (1995).

Aoki (1990) has presented a method for the realization of state space linear
discrete time stochastic models on innovations form. See also Aoki (1994) for
some further improvements of the method. This method has many interesting
numerical properties and many of the numerical tools involved in the method
are common with the tools used by the subspace identification methods. The
method is based on the factorization of the Hankel matrix, constructed from
covariance matrices of the output time series, by singular value decomposition.
The states are presented relative to an internally balanced coordinate system,
Moore (1981), which has some interesting properties when dealing with model
reduction.

The subspace identification methods which are presented in the above refer-
ences are using instrumental variables constructed from past input and output
data in order to remove the effect of noise from future data. It should be pointed
out that the method by Aoki also uses instrumental variables constructed from
past data.

The method for system identification and state space model realization
which is presented in this work is believed to be a valuable tool for the analysis
and modeling of observed input and output data from a wide range of systems,
in particular combined deterministic and stochastic dynamical systems. Only
linear algebra is applied in order to estimate a complete linear time invariant
state space model.

Many successful applications of data based time series analysis and modeling
methods are reported. One industrial application is presented in Di Ruscio and
Holmberg (1996). One particularly important application is the estimation of
econometric models, see Aoki (1990).
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The remainder of the paper is organized as follows. Section 3.2 gives a def-
inition of the system and the problem considered in this work. In Section 3.3
the data is organized into data matrices which satisfy an extended state space
model or matrix equation. Section 3.4 shows how the system order and the
model matrices can be extracted from the known data matrices. A numerically
stable and efficient implementation is presented in Section 3.5. Section 3.6 gives
a comparison of the method presented in this work with other published meth-
ods. Real world numerical examples and theoretical Monte Carlo simulations
are presented in Section 3.7 and some concluding remarks follow in Section 3.8.

3.2 Preliminary Definitions

3.2.1 System Definition

Assume that the underlying system can be described by a discrete-time, time
invariant, linear state space model (SSM) of the form

Tpir1 = Axy + Buy, + Cey, (3.1)
yr = Dz + Eug + e (3.2)

where the integer k > 0 is discrete-time, x € R™ is the state vector with initial
value zg, y € R™ is the system output, u € R" is the system input, e € R™
is an unknown innovations process of white noise, assumed to be covariance
stationary, with zero mean and covariance matrix E(eke;‘g) = A. The constant
matrices in the SSM are of appropriate dimensions. A is the state transition
matrix, B is the external input matrix, C is the Kalman gain matrix, D is
the output matrix and E is the direct control input to output (feed-through)
matrix. We will assume that (D, A) is an observable pair.

The innovations model, Equations (3.1) and (3.2), is discussed in e.g. Faurre
(1976) and Aoki (1990).

3.2.2 Problem Definition

The problem investigated in this paper is to identify a state space model, in-
cluding the system order (n), for both the deterministic and the stochastic part
of the system, i.e. the quadruple matrices (A, B, D, E) and the double matrices
(C, A) respectively, directly from known system input and output data vectors
(or time series) defined as

up, ¥ k=0,...,N—1

we V k=0,... N—1 }Known data vectors

In continuous time systems the matrix £ in Equation (3.2) is usually zero. This
is not the case in discrete time systems due to sampling. However, E can be
forced to be zero by including a structure constraint. This will be commented
on later.
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3.2.3 Matrix Definitions

Associated with the SSM, Equations (3.1) and (3.2), we make the following
definitions:

e The extended observability matrix (O;) for the pair (D, A) is defined as

D

DA ,
0; | e Rimxn (3.3)

DAi—l

where subscript ¢ denotes the number of block rows. The matrix O;
is denoted the extended observability matrix when the number of block
rows ¢ is grater than the minimal number of block rows needed in the
observability matrix, in order to check if the system is observable.

The reversed extended controllability matrix (C¢) for the pair (4, B) is
defined as

ciM [ gimip 42 .. B € R (3.4)

where subscript ¢ denotes the number of block columns.
A matrix C? for the pair (A, C) is defined similarly to Equation (3.4), i.e.
with C substituted for B in the above definition.

The lower block triangular Toeplitz matrix (Hfl) for the quadruple ma-
trices (D, A, B, E)

E 0 0 0
DB E 0 .0
géd | DAB DB E 0 e RIMXI (35)
| DA"2B DA3B DA"™B ... E |

where subscript ¢ denotes the number of block rows.

A lower block triangular Toeplitz matrix H; for the quadruple matrices
(D,A,C, F) is defined as

F 0 0 0
DC F 0 0
H? def | DAC DC F 0 e R™X™ (3.6)
| DA2C DA3C DATC F |

where ' = I for the output model formulation, Equation (3.2).
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3.2.4 Notation

The projection A/B of two matrices A and B is defined as ABT (BBT)! B where
T denotes the Moore-Penrose pseudo-inverse of a matrix.

3.3 Extended State Space Model

The state space model, Equations (3.1) and (3.2), can generally be written as
the following extended state space model (ESSM) (Di Ruscio (1994))

Yipuyr = AYjyp + BUyr41 + CEyr1 (3.7)

where the known output and input data matrices Yy, and Uy 41 are defined
as follows

Yk Yk+1  Yk+2 o Yk K1
def | Yk+1 Yk+2  Yk+3 o Yk+K
Vi = : . . e RIm K (38)
k|L .
Yk+L—-1 Yk+L Yk+L+1 - Yk+L+K-2
Uf; Uk+1 Uk+2 Tt Uk+K-1
Uk4-1 Uk+-2 Uk+4-3 o Uk K
def . . . . . L+1)rx K
Uklp+1 = | ¢ : : o € RUEFD™E (3 9)
Uk+L—1 Uk+L Uk+L+1 - Uk+L+K—2
| Uk+L Uk+L+1 Uk4+L+2 - Uk+L+K-1 |

The unknown data matrix Ej 7 of innovations noise vectors is defined as

€k €k+1 €k+2 G+ K-1
€k+1 €k+2 €k+3 HR <7 RS 3¢
def . . . . L+1)mx
Eyp = | : : SO € R K3.10)
+1 : : : .o .
€k+L—1 €k+L €k+L+1 " Ck+L4+K—2
| Ck+L €k+L+1 C€k+L+2 ° ChHL+K-1

The scalar integer parameter L defines the number of block rows in the data
matrices and the ESSM model matrices. The number of columns in Yy, 7, Ug|r41
and By are K = N — L — k+ 1. Each column in these matrices can be
interpreted as extended output, input and noise vectors, respectively. K can
be viewed as the number of samples in these extended time series. We also
have that L < K < N. L is the only necessary parameter which has to be
specified by the user. L is equal to the number of block rows in the extended
observability matrix (Or, € RF™*™) which will be determined by the algorithm.
For a specified L, the maximum possible order of the system to be identified
is n < Lm (if rank(D) = m, i.e. m independent outputs), or n < Ld where
1 < d =rank(D) < m, i.e. d independent output variables.
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The parameter L can be interpreted as the identification horizon. This
means that L is the horizon used to recover the present state space vector xj.

The matrices in the extended state space model, Equation (3.7), are related
to the underlying state space model matrices as follows

A=0,A00T0)toF (3.11)
B =[0OB-AE, E,—ABEy, Ey—AE; --- Ep_,—AE; Ep |
=[ 0B H{ | —-A[ H Opmx ] (3.12)

C =[0,C-AF, F\-AF, F—AF;--- Fy_—AF, Fp |
=[0LC Hj |—A[ H} Opmxm ] (3.13)

The matrices F; and F;, ¢ =1, ..., L, are block columns in the Toeplitz matrices
H¢ and H; defined in Equations (3.5) and (3.6), i.e.

Hf = [E E - Ep] (3.14)
Hi = [FA F» - Fp | (3.15)
The importance of the ESSM, Equation (3.7), is that the state vector pre-
liminary is eliminated from the problem. Hence, the number of unknowns is

reduced. The ESSM also gives us the relationship between the data matrices
and the model matrices which at this stage are unknown.

This paper is concerned with the problem of reconstructing the system order
and system matrices in the state space model, (3.1) and (3.2), from the known
data matrices Yy, and Uy, which satisfy Equation (3.7). We refer to Di
Ruscio (1994) and (1995) for a proof of the above results, which are the basis
for the method presented in this work.

Note that the matrices Hﬁ and Hj satisfy the matrix equation
Vi, = 01X + [ HE Opmxr |Ugjrs1 + [ HY Ormxm | Egrs1 (3.16)
where
X, = [ Tp Thel Theo 0 Thrk—1 ] e R K (3.17)

is a matrix of state vectors. Equation (3.16) is frequently used in other sub-
space identification methods, e.g. in Van Overschee and De Moor (1994) and
Verhagen (1994).

3.4 System Identification and Realization

3.4.1 Identification and Realization of System Dynamics

The basic step in the algorithm is to identify the system order and the extended
observability matrix from known data. In order to do so we will in this section
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derive an autonomous matrix equation from which the system dynamics can be
identified. We will show how the system order n and the extended observability
matrix O are identified. A realization for the system matrices A and D and
the ESSM transition matrix A are then computed.

The term B Uk|L+1 can be removed from Equation (3.7) by post-multiplying
with a projection matrix UkLLJrl such that UMLJFIULL'L+1 = 0. The projection
matrix can e.g. be defined as follows

Unize1 = Txxk = Ul Uk Udp ) " Ukipa (3.18)

Hence, Ule 41 s the orthogonal projection onto the null-space of Ugpy1. A
numerically well posed way of computing the projection matrix is by use of the
singular value decomposition (SVD). The projection matrix is given by the left
singular vectors of Uy, which are orthogonal to the null-space. However, in
order to solve the complete system identification and realization problem, it is
more convenient to use the QR decomposition for computing the projection,
as will be shown in Section 3.5. Note that a projection matrix onto the null-
space of Uy, r41 exists if the number of columns K in the data-matrices satisfies

K>L+1.

Post-multiplying Equation (3.7) with the projection matrix U,#L 4 gives

Yiv1r — Yk+1\LU;gT|L+1(Uk|L+1UaL+1)71Uk|L+1 =
A(YML — Yk|LU/Z|L+1(Uk|L+1UkT|L+1)_1Uk\L+1)+
C(Eyri1 — Ek\L+1UaL+1(Uk|L+1UaL+1)_1Uk|L+1) (3.19)

Note that the last noise term in equation (3.19) is per definition zero as the
number of samples approaches infinity, i.e.

o1
lim C?EHLHU,?'LH =0 (3.20)

K—o0

Hence, we have the following result

Yk?"rllLUle-i-l = AYk‘LUIiTL+1 + éEk‘L-{-l (321)

The noise term C’Ek| L+1 can be removed from Equation (3.21) by post-multiplying

with %WiT where W; is defined as a matrix of ”instrumental” variables which
are uncorrelated with Ey 1, i.e., we are seeking for a matrix with the following

property
1 T

An additional property is that W; should be sufficiently correlated with the
informative part in the ESSM in order not to destroy information about e.g.
the system order.

An intuitive good choice is to use past data as instruments to remove future
noise. This choice ensures that the instruments are sufficiently correlated with
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the informative part of the signals and sufficiently uncorrelated with future
noise.

Define J as the number of time instants in the past horizon which is used
for defining the instrumental variable matrix. Define L as the number of time
instants in the horizon necessary for identifying the state at time instant k, that
is xk, as well as the extended observability matrix of the system. Define M as
a prediction horizon. However, we will restrict ourself to the case M = 1 in this
work. These horizons are illustrated schematically in Figure 3.1.

Past horizon Future horizon  Prediction
for instruments for identification horizon
< J » < L ale M »
< > < _ >
| | | | | »
I I I I I g
J—-1 k k+L—1 k+L+M-—1

Figure 3.1: Illustration of horizons involved in the DSR algorithm. Usually
k = J. That is, the end of the past is the beginning of the future.

Some alternative instruments, W;, that will remove the noise and which
satisfy Equation (3.22) are as follows. Define

W, e R"™HK v ;=123 (3.23)
where the row dimension ni is the number of instrumental variables and
Wl_[g(”} Wy =Yy, Ws=Uy Vi>0 (3.24)
117

The choice of instruments is unimportant in the deterministic case, i.e. when
the process as well as the observation noise are identically zero which also
means that e, = 0 for all discrete time instants. However, the “optimal” choice
of instruments is important in the combined deterministic and stochastic case.

Assume that Uy ; with [ > 0 is chosen as the instrumental variable matrix.
This means that not only past inputs but also future inputs are used to remove
future noise (first time instant in the future horizon satisfy J < k). Our ex-
perience from Monte Carlo simulations indicates that this is not an “optimal”
choice. Note also that the future inputs are already used in the projection
matrix Ule—H'
i.e. the choice Uy ;. It can also be shown (Verhagen, 1994) that by using only
past inputs as instruments, only the deterministic part of the model can be

recovered.

Hence, it make sense to use only past inputs as instruments,

Past outputs are assumed to be uncorrelated with future noise. This gives
a first constraint on the discrete time instant k, i.e. kK > J. We have

.1 o
dim By Y, =0 V k> (3.25)
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This statement can be proved from Equations (3.16) and (3.20). By incorpo-
rating past outputs as instruments we are also able to recover the stochastic
part of the model. Note that the states which are exited from the known inputs
are not necessarily the same as those which are exited from the unknown pro-
cess noise variables. It is necessary that all states are exited from both known
and unknown inputs and that they are observable from the output, in order to
identify them.

Hence, the following past inputs and past outputs instrumental variable
matrix is recommended to remove future noise from the model

} e RIMXE vy > (3.26)

A consistent equation for A is then given by the following autonomous matrix
equation

Zyr = AZy V k>J (3.27)
where
def .
Z+1|L = %Yk+1\LUI#L+1WiT € RmLxni (3.28)
def )
Zyr = wYurUjp Wi e R (3:29)

Equation (3.27) is consistent because W;, given by Equations (3.23) and (3.24),
satisfies Equation (3.22). See also Equation (3.25).

We can now prove that the column space of the matrix Zy;, coincides with
the column space of the extended observability matrix O, when the identifica-
tion (future) horizon parameter L is chosen great enough to observe all states
and the past horizon parameter J is chosen adequately. Using Equations (3.16)
and (3.29) with the past inputs and past outputs instrumental variable matrix
gives

1 1
ZyL = ?YMLUﬁLHWlT = OLXkUkl‘LHEWlT e RMXJmEn)(3.30)

Assume that both the row and column dimensions of Zy, 1, are greater or equal
to the number of states, i.e., Lm > n and J(m + r) > n, and that L is chosen
such that the system is observable. The dimension of the column space of the
left hand side matrix must be equal to the system order, i.e. rank(Xy) = n.
Hence,

1 1
rank(Zyr,) = rank(EYk‘LU,jLﬂwlT) = rank(OLXkU,jLJrlEWlT) =n (3.31)
The row constraints have a theoretical lower limit. From system theory we

know that a number of L > n — rank(D) + 1 observations of the output is
sufficient in order to observe the states of a linear system, Kalman, Falb and
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Arbib (1969), p. 37. However, the theoretical lower limit is the ceiling function
L = [n/m], defined as the integer ratio n/m rounded towards plus infinity.

From the column dimension we must ensure that the past horizon J for
defining the instrumental variable matrix must satisfy J(m + r) > n. Hence,
the theoretical lower limit is J = [n/(m + r)].

The maximum system order which can be specified by the user for a specified
choice of the parameter L is n = Lm. In this case the observability matrix can
be estimated as the column space of Zj;, only if the past horizon parameter J
is chosen such that J(m +r) > Lm. A reasonable choice is therefore J = L.

Monte Carlo simulation experiments shows a relatively constant statistical
behavior of the estimates as a function of the past horizon parameter J. Hence,
we simply recommend putting J = L.

We have the following algorithm for analysis and modeling of system dy-
namics.

Algorithm 3.4.1 (System order, n, and the pair (D, A))
Given the positive integer parameters L and J and the matrices Zj | and
Zyr with k > J which satisfy the autonomous matrix equation

Ty = AZyy, (3.32)
where
A=0,A0 00t (3.33)

and Op is the extended observability matrix for the pair (A, D).
1. The system order n
Determine the Singular Value Decomposition (SVD)

Zyp =USVT (3.34)
where U € RmExmlL g ¢ RMEXni and V€ R™*™ are given by

Sp 0

U=[U U] S:{o 5,

] V= [ i VW ] (3.35)
where S, € R" "™ and n is the number of “non-zero” singular values of Zjr,
which is equal to the system order. n is determined by inspection of the “non-
zero” diagonal elements of S or SST. The term UQSQVQT represents the error
by estimating the system order as the n first principal singular values.

2. The extended observability matrix Oy, for the pair (D, A)

The (extended) observability matrix can be taken directly as the first left part
in U, i.e. U;. We have

OL=U(l:Lm,1:n) =10, (3.36)

3. The system matrix A
The system matrix A can be determined as

S—l

A =0 Z LV [ 0

] = U{ Zpy LS, ! (3.37)
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4. The system output matrix D
The matrix D can be taken as the m x n upper sub-matrix in the observability
matrix Oy, i.e.

D=U1:m,1:n) (3.38)
5. The extended system matrix A
We have
A=0,A010L) O] = Zj 1y LA S, 'UT (3.39)
AN

Note that it can be difficult to estimate the system order as the non-zero or large
singular values of the matrix Zy ; when the signal to noise ratio is “small”. In
practice, the model order is chosen by a trial and error procedure combined with
both model validation and physical knowledge of the data generating process.
A procedure for chosing the model order from some statistical test is possibile,
see e.g. Ch. 9.6 in Aoki (1990).

We have chosen Oy, = U; in Step 2 for simplicity, because we have OfO L=
I,xn in this case. This gives an output normal realization when L — oo. The

1

algorithm can also be formulated with the choice Oy, = U1S? which gives a bal-
anced realization when L — co. OF Oy is equal to the observability grammian
as L tends to infinity because, in this case, DAY~! tends to zero. A third choice
is Op, = U1S,, which gives an input normal realization. These definitions are
attributable to Moore (1981). These choices only represent different scalings
of the column space and give similar state space model matrices. The scaling
does not affect the statistical properties of the algorithm.

3.4.2 Realization of the Deterministic Sub-system

At this stage the system matrices A and D as well as the extended observability
matrix O, are known, see Section 3.4.1. In order to obtain a complete realiza-
tion for the deterministic part of the system we need to compute the system
matrices B and F.

There are many alternatives for extracting the B and FE matrices. See e.g.
Section 3.5.2 for an alternative to the method presented below.

A consistent estimate of the B matrix can be computed from

1
K

1

Uniz+1Ufj1 = (Ve = AV ) U (3.40)

B
where A is determined from Algorithm 3.4.1, because

~ 1
lim CEEHLHU;QLH =0 Vk>0 (3.41)

K—o0
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For known data and system matrices A and D, Equation (3.40) can be written
as an over determined set of linear equations in the unknown system matrices
B and E .

We will in the rest of this section discuss the simpler solution when Uy, 11U, ];f‘ L1

is non-singular. The matrix B can be computed directly from Equation (3.40)
in this case. We refer to Section 3.5.2 for the case when Uk|L+1UIZIL+1 is singu-

lar. The system matrices B and E can be extracted from B. FE is given directly
as the lower right m X r sub-matrix of B. We have

E=B(m(L—-1)4+1:mLrL+1:r(1+1)) (3.42)

B is given as a function of the block columns in B and the matrices A and Oy,.
A and Op, are known from Algorithm 3.4.1. Define

Bi=B(:mLr(i—1)+1:7i) 1<i<L+1 (3.43)
as block column number i of B. We have
L+l
OLB=> A"'B (3.44)
i=1
and
L+l )
B=Y A"Y070,)'O[B; (3.45)
i=1

One strategy for recursively extracting the B, E, Hg and O B matrices is as
follows.

Algorithm 3.4.2 Determination of Hg, OrB, E and B from known B, O,
and A.

A=0pA0fop)'0F

Er = Bri

E=FE(m(L—-1)+1:mL,1:m)

fori=1,...,L
Er_i=Br_ix1+AE_i1
ifi<L

Er_i(1:r(L—i—1),1:7r)=zeros(r(L —i—1),r)

end

end

OLB = Ej

B = (OzOL)_lO%OLB

A

The lower block triangular Toeplitz matrix Hg is given by the block columns
E,, ---, Er, according to Equations (3.14) and (3.5).
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3.4.3 Realization of the Stochastic Sub-system

This section is mainly concerned with the problem of identifying the stochastic
part of the system. However, for natural reasons most of the results in Sections
3.4.1 and 3.4.2 are extended and resolved in parallel.

The ESSM, Equation (3.7), gives a relation between the future data matrices
and the SSM matrices. The following extension of the ESSM can be proved
Yirp1 = Or1 AP0 Yy
U,
+lowact il ]| |

Uk|L+1
Uos }

- [ OL1AFOVHY 01 i1ymx (bt L 1—)r } [ Ui a1y

E
+ [ O+ C; Hjp 4 ] [ EZ‘|]Z+1 }

Eyy
Ejktr+1-0

- [ Op1A*OY 3 O(L+1)ymx (k+L+1—J)r } [ ] (3.46)

Assume k = J for the sake of simplicity. Then we have
Yini1 = Or1A700 Yy

Uols
+ [ OL1C4 — 01 A7OYHS HYE } [ UJ||L+1 }

Eo\y
+| 0L C5 — 0L A0V Hy H | ] 3.47
L+1%Y g L+1 JH g L+1 EJ|L+1 ( )
This last equation nicely shows the connection between the past and future
data matrices and the unknown model matrices. As we will see, it also yields
some important results. We have the following projection

.
Ujio+1
Yy41 | Uos
Yoo
1
Ujins1
Eo .y | Uos
Y
= | OL1C5 — 0L AYOYH; H 4 O|é.J|L ) (3.48)
+
Ejpy1 | Uo
L Yo,

The projection of future inputs, past inputs and outputs onto the null-space of
future noise is equal to Ejz4;. We have separated the deterministic part of
the system from the data by the projection in Equation (3.48). Hence we have
the following theorem concerning the stochastic part of the system
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Theorem 3.4.1 (Realization of the Toeplitz matrix Hj_ )

The lower triangular Toeplitz matriz Hj  , with Markov parameters for the
stochastic sub-system is given by the projection of past inputs, past outputs,
and future inputs onto the null-space of the future outputs, i.e.

1
ot Ui+
2541 = Yo+ | Uog
Yois
i i
Ujins1 Ujins1
=Pp 1 Eoy | Uop +H} 1 Ejp1 | Uops (3.49)
Yo Yo
where
Pi = 011C% —0p 1 A’OVHS (3.50)
and when N — oo, then
1
U il
sy v Z ey, [ H; E 3.51
JIL+1 — 4JIL+1 o|lJ — 'L+150|J YO|J =+ L+1J|L+1 ( )
Yo

L . . s
which is a linear problem in Hy .

In order to see that this is a linear problem in the unknown matrix Hj , one
only needs to write up the equations obtained by using the structure of Hy , |,
Equation (3.15), and a partition of the last term on the right hand side into
sub-matrices.

This result with proof is to our knowledge new. However, the same solution
resulting from a QR decomposition was presented in Di Ruscio (1995b).

From Theorem 3.4.1 and Equation (3.47) we can immediately state the
following important result. The extended observability matrix can be recovered
from the column space of the matrix on the left hand side of the following matrix
Equation (3.52).

Theorem 3.4.2 (Realization of the extended observability matrix Or1)

Given the following matriz equation

e Ui+
Znrer = Y1/ | Uops )Uj_‘LJrl =
Yo
Yo
Uojs
Opi1| 470, cf-Al0hHY ;- A'0hH; | Unper 1 | Ui

Eors/ | Uols
Yo



3.4 System Identification and Realization

41

then the column space of the matriz Zj 141 coincides with the column space of
the extended observability matrix Op41 and the system order n of the SSM is
given as the dimension of the column space.

The proof of Theorem 3.4.2 and Equation (3.52) is simple. From Theorem 3.4.1,
Equation (3.49), we have

Yyp41 — Yy /Y = Pi Eoy — P Eoy /Y + Hi (Ejjpi (3.53)

where
Y= | Uy (3.54)

and for the sake of simplicity the other matrices are defined according to Equa-
tions (3.49) and (3.50). Substituting Equation (3.53) into equation (3.47) in
order to remove the stochastic term H} | Fjr4q gives

Yyipa/Y = OL—HAJOEYE)\J + Pf Uoyg + PiyyEopg /Y + HE Ui (3.55)

. . L
Hence, an extra projection U JlL+

remove the deterministic term H g +1UjjL+1 and in order to recover the extended
observability matrix. The matrix on the right hand side of Equation (3.52) is
proportional with the extended observability matrix Or;. Hence, the column
space of the matrix Zj 7, coincides with Or41. The dimension of the column
space of the matrix Z; 1, is the order n of the SSM. QED.

, on the right hand side is necessary in order to

From Theorem 3.4.2 we immediately have the following corollary concerning
the system dynamics.

Corollary 3.4.1 (Identification of system dynamics)
From Zj 141 defined in Theorem 3.4.2, Equation (3.52) we have the following
relationship

Zyr = AZyy (3.56)
where
A o0,40T0,) 10T

and where Z |1, is the L last (m x K) block rows in Zj 1 and Z;p, is the
L first (m x K) block rows in Z 11, i.e.

et Ujr+1 . et UjiL41 |
Zyyr = Ypur/ | Uops Wit Zar = Yyo/ | Uy Wi+
Yo Yois

Moreover, the column space of Zj 1, coincides with the column space of the
extended observability matriz O, and the dimension of the column space is equal
to the order n of the SSM. A realization of n, Op, A, D and A is determined
by using Equation (3.56) in combination with Algorithm 3.4.1.
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The matrix on the left hand side of Equation (3.52) can be shown to be
equivalent to

Zjryr = YyoaWe (3.57)
w, Ui aWE WU W) T WU
Comparing Equation (3.57) with Equation (3.30) shows that these matrices are
related. We have shown that the column space of both equations coincides with
the column space of the extended observability matrix. The difference can be
viewed as a different column weighting matrix W, on the right hand side of
Equation (3.57). Equation (3.30) can be viewed as a special case factorization
of equation (3.57) with £ = J and W, = UﬁL+1W1T/K. Later in Section 3.6,
we will show that this last Equation (3.57) is extremely important and useful
in order to partly compare other subspace identification methods.

From Theorem 3.4.1 we have the following result concerning the stochastic
part of the system.

Theorem 3.4.3 (Realization of A and ()
Assume that the number of system input and output observations, N — oo.
Define

1
et Ui+
250+ = Yo | U (3.58)
0|J
then we have
T = AZ?]\L +CEj1 (3.59)
and
s s 1 _ A s 1
2y Zy) = CEppa(Zy;)
where

CY 0o, H 1 —A[ H Opmsm ]

The covariance matrix of the innovations A is estimated directly from the col-
umn space of the left hand side matriz Equation (3.58), e.g.

Sern(Zo)T = FEjn(Z5)" = FEjp (3.60)
and
A=FFT (3.61)
when

T _
ErronErypp = Imxm



3.4 System Identification and Realization

43

The importance of Theorem 3.4.3 is that it shows that the innovations covari-
ance matrix can be estimated directly from the column space of the data ma-
trix, Equation (3.58). The factorization of the left hand side matrix of Equation
(3.60) into the product FE; r; and EJ+L|1E§+L|1 = Iuxm can be performed
by the QR decomposition. See also Section 3.5. The Kalman filter gain matrix
C can be extracted when A and D is known.

Finally, we have the following Theorem 3.4.4 for the realization of the de-
terministic part of the system.

Theorem 3.4.4 (Realization of B)

Given
d def UJ|L+1
Z9i41 = Yo/ | Uop (3.62)
o|J
then we have
Z§+1\L = AZ?\L + BUj141 (3.63)
and
Zﬁ—&—l\L(Zi\L)J— = BUJ‘L+1(Z§‘L)L (3.64)
where

B=[0LB H{|-A[ H Opmxr |

Theorem 3.4.4 is proved from Equation (3.55). Remark that the SSM matrix
E can be estimated directly from Equation (3.64). This is so because of the
structure of the ESSM matrix B.

All the projections in this section, Equations (3.49), (3.52) and (3.62) can
be effectively computed from a QR decomposition, either directly from the
projections defined in this section, or as will be shown in Section (3.5).

We will conclude this section by pointing out the relationship between the
data matrices and the projection matrices. The data matrix with future system
outputs and the projection matrices, (3.49) and (3.62) are related as

_ 7d s
Yy = 25001 T 25

Z% represents the outputs from the deterministic part of the system. Z° rep-
resents the outputs from the stochastic part of the system. Yz, is the data
matrix with future outputs from the combined deterministic and stochastic
system.
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3.5 Implementation with QR Decomposition

We will here use the QR decomposition in order to compute the column space
of the projection matrices derived in Section 3.4. The QR decomposition is
also used in the subspace identification methods by Verhagen (1994) and Van
Overschee and De Moor (1994).

Define the following QR decomposition

YV =RQ =
\F
Ukl +1 B 000 @
1w Ry Rop 0 0 Q2 (3.65)
VK | Yur Rs1 Ry Rss 0 Qs .
Ytz Ry Rip Raz Ru (@1
where
R e R(IAD+nit+2mL)x (r(L+1)+ni+2mL) 3.66)
Q € RO(E+D)+ni+2mL)x K (3.67)

Note that this decomposition could perhaps more precisely have been defined
as a lower Left, Q-orthogonal (LQ) decomposition. See Golub and Van Loan
(1983) for the computation.

The QR decomposition can be viewed as a data compression step. The
data matrix Y which usually has a large number of columns is compressed to
a usually much smaller lower triangular matrix R which contains all relevant
information of the system for which the data was generated. As we will show,
the orthogonal () matrix is not needed in the algorithm.

Note that the first (L —1)m rows in Yz, are equal with the last (L —1)m
rows in Yy, 7. This means that Y;; can be substituted for Y, 7|, in the QR
decomposition, Equation (3.65). This is utilized in the efficient implementation
of the DSR algorithm. However, for the sake of simplicity we will present the
results according to Equation (3.65).

By definition, the instrumental variable matrix W; is uncorrelated with
Ejr41- We can therefore remove the noise matrix Ej ;4 from Equation (3.7)
by post-multiplying with %W;. We have from (3.65) that

1 .1 RY
Am ?EMLJAW =( am e Eyri [Qf Q7)) [ Ré“; ] =0 (3.68)

Post-multiplying Equation (3.7) with [QT Q2 ], using (3.68) and substituting for
the corresponding R;; sub-matrices from (3.65) gives

[ R4s1 Ruo } :A[ R31 Rso ] —i—B[ Ri1 O ] (3.69)
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which gives one matrix equation for A and one for both A and B. We will in the
next Sections 3.5.1 and 3.5.2 show how the order n and the system quadruple
(A, B, D, E) are computed from (3.69).

The stochastic part of the system, defined by the matrices C' and A, is
computed from

Ry3— AR33 = CEppQ3% (3.70)
Ry = CEypnQf (3.711)
This will be shown in Section 3.5.3.

Note that the QR decomposition compresses the possible large data matri-
ces into a number of (smaller) matrices which contain the information of the
system. It is also interesting that the matrices (information) which define the
deterministic part (A, B, D, E) and the stochastic part (A, C) are separated by
the QR decomposition. The user must specify the parameter & > J in Equation
3.65. See Figure 3.1 for a definition of the horizons involved. We recommend
putting £k = J. The matrix W; with [ = 0, Equation (3.24), is recommended
for W; in 3.65.

3.5.1 Realization of A and D

We have from Equation (3.69) that

Rys = AR3; (3.72)

and we choose
Zryn = Rao (3.73)
Zyr = Rp=USV" (3.74)

in Algorithm (3.4.1) in order to determine A, D and the extended observability
matrix Or. The system order is determined by inspection of the dominant
singular values of S or SS7T.

Note that the first (L —1)m rows in R4s are equal to the last (L —1)m rows
in Rge. This is utilized in the efficient implementation of the DSR algorithm,
in order to reduce the computational work.

Note also that if A is computed as the projection of Rgy onto R4 then A
takes a special canonical form. This is due to the common rows.

The A matrix may also be determined as follows. From the extended ob-
servability matrix we have

01 € 0,(1:(L—1)m,1:n) (3.75)
Oy, = Op(m+1:Lm,1:n) (3.76)

then
A= (0fo))~tofo, (3.77)
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However, we must put L =: L 4+ 1 in this case if the extended observability
matrix is estimated as the left singular vectors in (3.74). This will increase the
computational work. This last method is the so called shift invariance method
for computing the transition matrix A from the extended observability matrix,
Kung (1978). The shift invariance method is used in the subspace algorithms
(N4SID) by Van Overschee and De Moor (1994) and (MOESP) by Verhagen
(1994). The parameter which defines the number of block rows in the N4SID
and MOESP algorithms is denoted I. This parameter is related to the DSR
parameter L as I = L + 1. This is one of the differences between the DSR
algorithm and the N4SID and MOESP algorithms.

This means that N4SID and MOESP computes a number I'm = (L+1)m
of singular values. However, the system order can only be chosen according
to Lm of these singular values, i.e. the maximum system order which can
be chosen for a specified parameter I = L + 1 is n = Lm. For comparison,
the DSR algorithm computes only a number Lm of singular values and the
maximum system order which can be chosen for a specified parameter L is
n = Lm. Hence, the DSR algorithm seems to be more consistent with respect
to choosing the system order as the number of non-zero singular values.

The shift invariance method can be included in the DSR algorithm, but
at a higher computational expense. This strategy can be described as follows.
The extended observability matrix can be estimated from the column space of
the matrix formed from R3o and R42. Compute the SVD

Rz | | U Uiz Sp 0 VET [ UnS. VT
Ryo o Us1 Uy 0 0 VQT - UngnvlT

We then have that A and D are determined from the shift invariance method,
e.g. from the left singular vectors as follows

Or = Un (3.78)
OrA = Uxn (3.79)
A = (UlTlUH)flUlTlUgl (3.80)
D = U11(1 .m, 1: TL) (381)
3.5.2 Realization of B and E
We have from Equation (3.69) that
BRyy = Ry1 — ARz, (3.82)

B can be determined directly from (3.82) if the input u is persistently exiting
of order L + 1. Rj; is non singular in this case. We have

B = (Ry1 — AR31)R£ (RllR{l)fl (3.83)

The B and E matrices are then extracted from B as pointed out in Section
3.4.2.



3.5 Implementation with QR Decomposition

47

At this stage, the system order is identified (Algorithm 3.4.1). It is possible
to determine B and F if the input is only persistently exiting of order p + 1
where L;, < p < L, directly without recomputing the algorithm with L =
Ly or L = p. The minimal observability index, for a given system order, is
Lyin = n —rank(D) + 1 when n > rank(D) and L;y;;, = 1 when n < rank(D).

Define

Op = Op(1:mp,1:n) (3.84)
Ay = 0,A(050,)7105 (3.85)
Ry = Ru(l:r(p+1),1:r(p+1)) (3.86)
RE = Ru(l:mp,1:r(p+1)) (3.87)
RY, = Ru(l:mp,1:r(p+1)) (3.88)
We then have
BpRijl = Ry — ApRgl (3.89)

This result is a consequence of Equation (3.7) with L substituted with p. Note
that the minimal observability index, for a given system order, is p = n —
rank(D) 4+ 1 when n > rank(D). The B and E matrices are then extracted
from Bp as shown in Section 3.4.2 and Algorithm 3.4.2 with L substituted with

p.

3.5.3 Realization of C and A

Corollary 3.5.1 (Realization of C' and A)

Consider the lower left triangular matriz R, determined by the QR decompo-
sition in Equation (3.65). An estimate of the square root of the innovations
covariance matrix is given by the m x m lower right sub-matriz of R, i.e.

F=Rum(L—-1)4+1:mL,m(L—-1)+1:mL) (3.90)
and the estimate of the innovations covariance matrix is
A=FFT (3.91)

Furthermore, when J > 1, then an estimate of the Kalman filter gain matriz C
can be computed from

OLCF = Ry3(1:mL,1:m) (3.92)
If F' is non-singular, then we have
C=(0F0)'OTRy3(1: mL,1:m)F~! (3.93)

An estimate of the lower left block triangular Toeplitz matriz H for the stochas-
tic subsystem (D, A,CF,F) is given by

H} = Rys(1:mL,m+1:m(L+1)) (3.94)
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The estimate of the lower left block triangular Toeplitz matrix for the stochastic
subsystem (D, A,C,I), according to Equation (3.15), can be formed from the
block columns Fi,---, Fr, which can be computed from

| AF FF -+ FLF | =Ry(l:mLm+1:m(L+1)) (3.95)
A

The stochastic subsystem is identified separately from the deterministic sub-
system. The necessary separation into deterministic and stochastic subsystems
are implicitly done by the QR decomposition.

The first (L — 1)m rows in Y}, are equal to the (L — 1)m last rows in
YL Qa is uncorrelated with Uy 1,1, Wi, Yy, and with the (L —1)m first rows
in Yy 4qyz. The first (L — 1)m rows in Yk+1\LQ4T and Ek\L+1Q4T are therefore
zero. We then have from (3.65) and the structure of C, given by (3.13) and
(3.15), that

00 --- 0
. . 00 0
Yit10Qs = CEyr1Q) = Raa = | . L (3.96)
00 --- F

where Ry € RE™XL™  Hence, the square root of the innovations noise process
covariance matrix is estimated directly as the m x m lower left matrix, denoted
F, in the lower triangular matrix R from the QR decomposition, Equation
(3.65). Note that F also is lower left triangular and can be compared to a
Cholesky factorization of A. This result is believed to be of some importance.
The result (3.91) is then clarified.

The matrices @Q;, i = 1,2, 3,4, are orthogonal matrices and we have

[F 0 --- 0

. 0 F 0

B @8 = | R € RiL+Dmxtm (3.97)
0 0 --- F
[0 0 0 |

Another strategy is then to compute OCF from Equations (3.70) and (3.97),
and an algorithm similar to Algorithm 3.4.2. This is formulated in the following
Corollary 3.5.2.

Corollary 3.5.2 (Realization of C)
Given the sub-matrices Ry and Rsz from the QR decomposition in Equation
(3.67) and the ESSM transition matriz A. Define according to Equation (3.70)

CF Y Rys — ARss (3.98)
The matriz O,C'F can then be computed from C'F, e.g. by a procedure similar
to Algorithm 3.4.2.
A
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This strategy is found from Monte Carlo simulations to be the best one
when the past horizon parameter is J = 1, but no significant difference is found
when J > 1.

3.5.4 Special Remarks

One advantage of the QR implementation of the algorithm is that potential ill-
conditioning of the covariance matrices are concentrated in a certain triangular
matrix. This ill-conditioning usually results from ill-conditioned noise processes
(process noise and measurements noise) and from rounding-off errors. Note that
the triangular matrix R is the square root of the covariance matrix (H = %??T
where Y is defined in (3.65)) and that the triangular matrix is computed without
ever computing the covariance matrix. The method can therefore be defined as

numerically stable.

The QR decomposition is not unique. The R matrix is post-multiplied
by a diagonal permutation matrix £ such that R := RFE has positive diagonal
elements. The diagonal elements of E are equal to the sign of the corresponding
diagonal elements of R which was the result from the QR decomposition. Note
also that @ := FQ and EE = I. This gives a more unique coordinate system
for the estimated (A, B, D, E) quadruple. This scaling is also one of the reasons
for the simple solutions for the C' and A matrices in Section 3.5.3. The scaling
ensures that the diagonal blocks of (3.97) gets the same sign.

Note that common rows in the data matrices Yy, and Yy 4|7, can be removed
prior to obtaining the QR decomposition in equation (3.67). It is also clear
from the above that the orthogonal Q matrix (QQ” = I) is not needed in the
algorithm. This will reduce the computational effort considerably. In fact, the
QR factorization works on a data matrix of size only (2L +1)+m(2L+1) x K
and not of size r(2L + 1) + 3mL x K as indicated in (3.65).

Another strategy for determining R is to first compute H = %??T where
Y is defined in (3.65) and then the SVD, H = USVT, followed by a QR de-
composition of US > in order to obtain the lower triangular matrix, R. This
strategy reduced the number of flops and increased the accuracy of the R ma-
trix when MATLAB was used for the computations. However, no significant
difference in the estimated models was observed. This strategy can be numeri-
cally ill-conditioned due to possible rounding errors when forming the product
of rows in Y with columns in Y7 in order to compute the correlation matrix
YYT. This strategy is therefore not recommended.

Equation (3.82) is defined by the triangular factors for Equation (3.40) with
k>J.

BUk\LHUkT\LH = Yk+1|LU1?|L+1 - AYk|LUk\L+1 (3.99)
It is also possible to extract the triangular factors for

BU0|L+1U(§L+1 = YI\LU()T|L+1 — AYyUpjz41 (3.100)
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directly from the QR decomposition (3.65) when &k = J = L. The first block
row in Uy r41 is equal to the last block row in Uy z41. Hence, the matrices in
Equation (3.100) can be defined from the lower triangular R matrix, equation
(3.65). It is therefore natural to choose

B[Ru R}, ]=[Ru R}y |-A[Ru RY ] (3.101)

for defining B and an equation for computing the B and E system matrices.
Equation (3.101) consists of the triangular factors for both %UML-F]. U§L+1 and

%UO\LH U£L+1. Equation (3.101) has effect for systems where the input signal
is poor with frequencies, but gives no additional effect compared to (3.82) for
e.g. white noise inputs.

Note that the stochastic part of the model is determined from QR and
SV Decompositions only. The Markov parameters and the square root of the
innovations covariance matrix are determined from a QR decomposition only.
The Kalman filter gain matrix is determined from the Markov parameters and
the extended observability matrix. No matrix Lyapunov or non-linear matrix
Riccati equations have to be solved.

The method has in this work been illustrated for systems which are not
strictly proper (only proper), i.e. the case when E # 0 in the underlying model
(3.2). The method can also be implemented to handle proper systems, i.e.
systems where F is known to be zero. This can be done by deleting the last
block row in Uy z41 and the last block column in B, see Equation (3.7).

3.6 Comparison with Existing Algorithms

A comparison with the DSR algorithm and three different subspace algorithms
will be given, namely N4SID, Van Overschee and De Moor (1994), CVA,
Larimore (1983), (1990) and PO-MOESP, Verhagen (1994).

The first and common step in subspace identification algorithms is to es-
timate the extended observability matrix from the column space of a known
data matrix. We will therefore concentrate our discussion on the similarities
and differences in which these methods estimate the extended observability ma-
trix. We will only briefly discuss how the system matrices are estimated by the
different methods.

It is shown in Van Overschee and De Moor (1995) that the different methods
are related through certain row and column weightings with the N4SID data
matrix as the key matrix.

We will below present a different approach, with the matrix Z; 7, defined
in Section 3.4.3, Theorem 3.4.2 and Equation (3.57), as the key matrix.

Multiplying Equation (3.57) from left with an extra row weighting matrix
W, and using the SVD as discussed in Algorithm 3.4.1 gives

WiZjiprg = WaYgipgWe = ULSp Vi + UaSoVy' (3.102)
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where ¢ is an integer parameter and

def
We = UJ\L+1W1 (WIUJ|L+1W1 ) 1W1Uj|L+1

The extended observability matrix can be estimated as, e.g.
OL+g =W, 0 (3.103)

where W, is a non-singular matrix. The matrix W, is symmetric and can be
written as

def 1 _1
We = Ugip ot WE WU, W) ™2 (WU W) 72 Wil 4, (3.104)

we wa)r

From the above factorization of the matrix W, we have at least four matrices

(W¢ i=1,---,4) which all have essentially the same column space as W, i.e.
Wl J\L+1 ( J|L+1W1) 11W1Uj_\L+1
We = J\L+1 (W J|L+1W1 )z
We = Ugip W (W Ugip W)™
W4 Uj\L-HWl K
We = Ujipi

The matrix W2 is sufficient only for purely deterministic systems and is shown
for the sake of completeness.

These column weighting matrices are used in the DSR algorithm which
is presented in this work. The past horizon parameter J is usually chosen as
J > L. The parameter g = 0 in Equation (3.102) and the row weighting matrix
is the L'm x Lm identity matrix, denoted W, = I,,. Algorithm 3.4.1 is used in
order to identify the extended observability matrix Oy, from the column space
of the matrix Zr.

We will now illustrate the DSR . algorithm’s similarity and difference to two
published algorithms, CVA by Larimore (1990) and PO-MOESP by Verhagen
(1994).

3.6.1 PO-MOESP

The PO-MOESP algorithm in Verhagen (1994) estimates the extended ob-
servability matrix Oy from Equations (3.102) and (3.103) with the following
matrices

We = UL+1|L+1W1 (WlUL+1|L+1W1 )" WlUL-i—l\L-i—l
g=1

From Theorem 3.4.2 and the factorization in Equation (3.104) we conclude that
the two algorithms PO-MOESP and DSR estimate the extended observability
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matrix from a known data matrix which essentially has the same column space.
The only difference is that PO-MOESP estimates the extended observability
matrix Or41 (of larger size than DSR does) in order to use the shift invariance
method for extracting the system matrix A as explained in Section 3.5.1.

Using the triangular factors from the QR decomposition in Section 3.5, we
have

R3sR3,(RaaR3y) ' RoaQo = (U1S, Vi + U2 S V3 Qo (3.106)

where the orthogonal matrix (02 is not needed because the column space can
be estimated as the matrix U;.

A major difference is that the PO-MOESP algorithm does not estimate the
stochastic part of the model. DSR estimates the Kalman gain and innovations
covariance matrix directly from the data as shown in Sections 3.4.3 and 3.5.3.

3.6.2 Canonical Variate Analysis (CVA)

The CVA algorithm in Larimore (1990) estimates the extended observability
matrix Or11 from Equations (3.102) and (3.103) with the following matrices
_1
We = ULL+1|L+1W1T(W1ULL+1|L+1W1T) 2
W, = (YL+1\L+1Ui_+1\L+1YE+1|L+1)_
g=1

CVA (3.107)

=

As we can see, the column weighting matrix W, used by the CVA algorithm
fits into the factorization in Equation (3.104). A difference is that the CVA
algorithm uses a row weighting matrix W,.

The only difference is that the DSR. algorithm takes the SVD of a matrix
of size only Lm x J(r + m) where usually J = L, in order to identify Or. The
other methods take the SVD of a matrix of size (L + 1)m x J(r +m), in order
to identify Op41. This is to separate out the sub-matrices Oy, and Op A from
Or+1. See also Section 3.5.1 for a discussion.

From Theorem 3.4.2 and the factorization in Equation (3.104) we conclude
that the two algorithms CVA and DSR essentially have the same column
space.

An interpretation of the CVA algorithm is that the system order is esti-

mated as the number of principal angles between the matrix Y7 741U IJ:HI L1

and WU 1%+1| 1+ different from /2. The principal angles can be effectively
computed using the SVD, see e.g. Van Overschee (1995), p. 29 and Golub and

Van Loan (1989), p. 428.

By using the triangular factors as shown in Section 3.5 we get the following
method for computing the principal angles

1 1
(R3a R, + R33R1) "2 Ryp R (RyoRL) ™2 = U1S, Vi + UnSoVyl  (3.108)
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The system order is here identified as the number of singular values equal to
one.

The next step in the CVA algorithm is to define a memory which defines
a valid sequence of system states. The system matrices can then be estimated
from a least squares problem.

3.6.3 N4SID

The N4SID algorithm is different. The following weighting matrices are used

We= ULL+1\L+1W1T(W1ULL+1|L+1W1T)_1W1
Wr=Iins1ym N4SID (3.109)
g=1

The column weighting matrix used in the N4SID algorithm does not generally
have the same column space as W, or any of the column weighting matrices
which result from Equation (3.104) and Theorem 3.4.2. This is possibly the
reason for why N4SID gives bad results for deterministic input signals.

In Viberg (1995) it is pointed out that only the difference between the PO-
MOESP and N4SID algorithms is the extra projection ULL+1|L+1. However, it
is also claimed that the resulting subspace estimates should therefore have very
similar properties. From Theorem 3.4.2 and the above discussion we conclude
that this conclusion in Viberg (1995) is wrong. This is illustrated in example

2, Section 3.7.2.

From the above discussion we have the following relationship between the
column weighting matrix W, in Equation (3.104) and the matrix W, in (3.109)
used by N4SID.

We=wNasidyt (3.110)

In Theorem 3.4.2, Equations (3.52) and (3.55), it is proved that the extra

. . J_ . . o« . .
projection U L+1|L41 1S necessary In order to remove the deterministic term

Hg+1UL+1|L+1 and establish the data matrix Z7 741 which has the same
column space as the extended observability matrix. See also Example 2, Section
3.7.2, for an illustration.

The N4SID method computes the SVD of the data matrix defined in Equa-
tion (3.102) with the above matrices W, and W,, Equation (3.109). If the
triangular factors as shown in Section 3.5 are used then we have

Ry Ry (RooR3,) ™ [Ro1 Roa)] [ 05 0s

The orthogonal matrices Q1 and ()2 are not used. The system order is identified
as the number of non-zero singular values and the extended observability matrix

Or41 is estimated from the column space. The rest of the N4SID algorithm
can briefly be described as follows. From the extended observability matrix

@ ] = (1S, VT + U282V ) [ @ } (3.111)
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Opr+1 and the system data, a valid sequence of system states are estimated
and a least squares problem is solved in order to construct the system matrices
A,B,D,E. The covariance matrices for the process and measurements noise
are then identified from a residual, and a Riccati equation is solved in order
to construct the Kalman filter gain matrix C' and the innovations covariance
matrix A.

The DSR method does not use state sequences and the Kalman gain matrix
C and the innovations covariance matrix A are constructed directly from the
data, without recursions of non-linear matrix Riccati equations.

3.6.4 Main Differences and Similarities

Both of the algorithms N4SID and CVA estimate in the first instance a se-
quence of states. When the states are known, the state space model matrices
can be determined by simple linear regression. Both methods must solve a
matrix Riccati equation in order to identify the Kalman filter gain and the
innovations covariance matrices.

The DSR algorithm is based on first writing up an extended state space
model (ESSM) where the unknown states are eliminated from the problem.
The ESSM shows us the relationship between the known data matrices and the
SSM matrices. Hence, the DSR algorithm does not have any problems with
unknown states; unknown initial values etc. The state space model matrices are
then extracted from the ESSM. DSR estimates the Kalman gain and innova-
tions covariance matrices (stochastic part of the model) directly from the data,
without recursions of non-linear matrix equations, e.g. the Riccati equation.

The PO-MOESP algorithm does not estimate the stochastic part of the
model.

We have shown that the CVA, PO-MOESP and DSR algorithms gives
consistent estimates of the extended observability matrix. The algorithms fit
into the same Theorem 3.4.2. We have shown that the N4SID algorithm in
general does not give consistent estimates of the extended observability matrix.
However, it will give consistent results if an extra projection of future inputs is
included. From the above discussion we have the following relationship between
the column weighting matrix W, in Equation (3.104) and the matrices used by
PO-MOESP, CVA and N4SID. See (3.105), (3.107) and (3.109).

Wc — WCPO-MOESP — WPVA(WCCVA)T — WC].\T4SldU£_+1|L+1

These are the most important similarities and differences between the method
presented in this work and previously published methods.
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3.7 Numerical Examples

3.7.1 Example 1: Monte Carlo Simulation

A single input single output (SISO) system with one state is chosen to com-
pare the algorithm presented in this paper, entitled DSR (Deterministic and
Stochastic System Identification and Realization), with two other algorithms,
CVA (which stands for Canonical Variate Analysis, Larimore (1983), (1990))
and the prediction error method implemented in the MATLAB function AR-
MAX (i.e., in the system identification toolbox, Ljung (1991)).

Tk+1 = 0.9z + 0.5uy + 0.6eg (3.112)
yr = L1.0x; — 1.0ug + e (3.113)

Three types of input signals were used. One input equal to a sum of four sinusoid
signals, u', one input equal to a white noise signal with unit covariance, u?,

and one equal to a sine, u®.

k k k
1 _ ok kR
u ug, = 0.2(sin( 25) + sin( 10) + 5111(5) + sin(k))
2

U White noise, unit covariance

ud oy = sin(k)

For each input the time series (yx,u)) was generated by simulating the model
with 100 different white noise sequences ey, also with unit variance.

The DSR algorithm parameter L was changed from 1 to 5 and the CVA
parameter [ from 2 to 6. For each L and I, the mean and standard deviation of
the parameters of the 100 different estimated models are presented in Tables 3.1
to 3.6. The results obtained by the ARMAX algorithm are also shown in the
tables. See Ljung (1991) for the description of the parameters nn = [1,2,1,0]
which is used as arguments for ARMAX.

The true deterministic system quadruple is denoted (a,b,d,e) := (0.9,0.5,
1,—1) and the deterministic steady state gain and deterministic zero are de-
noted H%(1) = 4.0 and py(1) = 1.4, respectively. The parameters in the stochas-
tic part of the model are (¢, A) := (0.6,1). The stochastic steady state gain
and stochastic zero are denoted H*(1) = 7.0 and ps(1) = 0.3, respectively. The
signal to noise ratio is approximately 0.4, hence, the identification problem is
not simple.

The CVA algorithm sometimes estimated systems with negative (b,d) pa-
rameters, i.e. sometimes an estimated quadruple (a,b,d,e) and sometimes (a,-
b,-d,e). This happened with the algorithm parameter I = 3 and with a random
input signal. It is believed that this can be avoided by using a scaling similar
to that presented in Section 3.5.4.

The results are very good for both the DSR and the CVA algorithms, see
Tables 3.1 and 3.2. There are small differences in the estimated models for
both methods when N is large, see Tables 3.1 and 3.2. This indicates that the
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asymptotic statistical distribution of the parameter estimates is the same. The
example indicates that both the DSR and CVA algorithms are insensitive to
variation in the number of block rows.

The DSR algorithm is found to be marginally better than the CVA when
the number of samples is small (for this example and with N = 200 and N = 500
samples) see Tables 3.3 to 3.6.

It is also interesting to observe that the results from DSR are as good
as the results from the ARMAX function, even for a simple SISO system.
This indicates that DSR gives asymptotically statistical optimal results for this
example, both for purely deterministic inputs (u! and u®) and stochastic input
sequences (u?). Note that the prediction error method (ARMAX function) is
based on iterative optimization but that the DSR algorithm is based on SVD
and QR decompositions only. Prediction error methods are rather complicated
for MIMO systems while the DSR algorithm is very simple.

Figures 3.2 to 3.8 are included in order to illustrate the asymptotic mean
and variance properties of the DSR algorithm for varying horizon parameters
L and J. The figures illustrate that the algorithm is numerically robust and
that the estimates are consistent and fairly insensitive for the parameters L and
J.

Mean of pole estimates

Figure 3.2: The mean value of the pole estimates for a Monte Carlo simulation
with varying past horizon parameter J and identification parameter L. The
number of samples in each simulation was N = 15000 and the number of sim-
ulations for each pair L, J was 100. The input was a sum of 5 sinusoid signals
(u!). The maximum estimate was 0.9003 for L = 3 and J = 4. The minimum
estimate was 0.8990 for L = 5 and J = 2. The closest estimate to the actual
pole (a = 0.9) was 0.89997 for L = 3 and J = 5.



3.7 Numerical Examples

Normalized standard deviation of pole estimates

Figure 3.3: The standard deviation multiplied (normalized) with N/2 of the
pole estimates for a Monte Carlo simulation with varying past horizon param-
eter J and varying identification parameter L. The number of samples in each
simulation was N = 15000 and the number of simulations for each pair L, J was
100. The input was a sum of 5 sinusoid signals (u!). The maximum standard
deviation of the pole estimates was 0.6265/N'/2 at L = 5 and J = 3. The

minimum standard deviation was 0.4005/N'/2 at I = 2 and J = 3.

Table 3.1: Mean of the parameters of 100 different estimated models:

type u', N = 10000. The models was scaled so that d = 1.

input

l Alg., Par. H a ‘ b ‘ e ‘ pa(l) ‘ Hd(l) ‘ C ‘ A ‘ ps(1) ‘ H*(1)
DSR, L=1 [[ 0.8998 [ 0.497 [ -1.002 | 1.396 | 3.9598 [ 0.6088 | 1.0045 | 0.2910 | 7.0910
DSR, L=2 || 0.8995 | 0.497 | -1.002 | 1.398 | 3.9516 | 0.6003 | 0.9989 | 0.2992 | 6.9867
DSR, L=3 || 0.8998 | 0.497 | -1.002 | 1.398 | 3.9604 | 0.5992 | 0.9985 | 0.3006 | 6.9940
DSR, L=4 || 0.8996 | 0.497 | -1.002 | 1.398 | 3.9572 | 0.5992 | 0.9981 | 0.3004 | 6.9875
DSR, L=5 || 0.8998 | 0.496 | -1.002 | 1.398 | 3.9644 | 0.5989 | 0.9977 | 0.3009 | 6.9976
CVA,1=2 [[ 0.8996 [ 0.497 | -1.002 [ 1.398 [ 3.9545 | 0.6008 | 1.0046 | 0.2988 | 7.0015
CVA,T=3 || 0.8996 | 0.497 | -1.003 | 1.398 | 3.9572 | 0.5995 | 1.0000 | 0.3001 | 6.9849
CVA,T=4 || 0.8998 | 0.495 | -1.003 | 1.396 | 3.9471 | 0.5990 | 0.9994 | 0.3008 | 6.9930
CVA,1=5 || 0.8996 | 0.498 | -1.001 | 1.400 | 3.9714 | 0.5992 | 0.9993 | 0.3003 | 6.9830
CVA, T=6 || 0.8996 | 0.498 | -1.002 | 1.399 | 3.9659 | 0.5993 | 0.9993 | 0.3003 | 6.9872

[ ARMAX [ 0.8995 | 0.498 | -1.002 | 1.399 [ 3.9604 | 0.5995 0.3000 | 6.9769
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Mean of C estimates
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Figure 3.4: The mean value of the Kalman filter gain estimates for a Monte
Carlo simulation with varying past horizon parameter J and identification pa-
rameter L. The estimates are computed by the algorithm in Corollary 3.5.1.
The number of samples in each simulation was N = 15000 and the number of
simulations for each pair L,.J was 100. The input was a sinusoid signal (u3).
The actual value is C' = 0.6. The mean of the estimates at the flat region
described by 3 < J < 6 and 1 < L < 5 was 0.6000. This indicates that the
estimates are consistent for past horizon parameters J > 2 independently of
the choice of L, but clearly biased for J = 1. The estimates for J = 2 should
be further investigated.

Table 3.2: Standard deviation of the parameters of 100 different estimated
models: input type u!, N = 10000.

| Alg., Par. || a | b | e | pa(1) | H'(1) | c | A | ps(1) | H*(1) |
DSR, L=1 || 0.0054 | 0.027 | 0.068 | 0.045 | 0.3020 | 0.0101 | 0.0153 | 0.0130 | 0.3170
DSR, L= 0.0052 | 0.026 | 0.068 | 0.043 | 0.3063 | 0.0099 | 0.0152 | 0.0121 | 0.3021

2
=3 || 0.0054 | 0.026 | 0.068 | 0.043 | 0.3190 | 0.0102 | 0.0152 | 0.0128 | 0.3211

DSR, L

DSR, L=4 || 0.0056 | 0.026 | 0.068 | 0.044 | 0.3236 | 0.0105 | 0.0151 | 0.0135 | 0.3309
DSR, L=5 || 0.0059 | 0.026 | 0.068 | 0.043 | 0.3328 | 0.0111 | 0.0151 | 0.0145 | 0.3447
CVA, I=2 || 0.0052 | 0.027 | 0.068 | 0.044 | 0.2959 | 0.0101 | 0.0153 | 0.0124 | 0.2994
CVA, I=3 || 0.0051 | 0.029 | 0.069 | 0.047 | 0.3423 | 0.0097 | 0.0152 | 0.0118 | 0.3009
CVA, I=4 || 0.0053 | 0.033 | 0.070 | 0.052 | 0.3920 | 0.0096 | 0.0152 | 0.0118 | 0.3155
CVA, I=5 || 0.0055 | 0.038 | 0.070 | 0.057 | 0.4456 | 0.0096 | 0.0151 | 0.0119 | 0.3236
CVA, I=6 || 0.0058 | 0.037 | 0.07 0.056 | 0.4554 | 0.0096 | 0.0152 | 0.0122 | 0.3391

>
=)
=
>
>~

[ 0.0051 [ 0.027 | 0.066 | 0.042 | 0.2925 | 0.0095

| 0.0115 | 0.2983 |
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Normalized standard deviation of C estimates

Figure 3.5: The standard deviation multiplied (normalized) with N/ of the
kalman filter gain estimates for a Monte Carlo simulation with varying past
horizon parameter J and varying identification parameter L. The estimates
are computed by the algorithm in Corollary 3.5.1. The number of samples in
each simulation was N = 15000 and the number of simulations for each pair
L, J was 100. The input was a sinusoid signal (u?). The following parameters
is found from the region with consistent estimates. The maximum standard
deviation of the pole estimates was 1.2135/N'/2 at . = 4 and J = 5. The
minimum standard deviation was 0.9344/N'/2 at L = 2 and J = 5. The mean
of all standard deviations was 1.0315/N'/2,

Table 3.3: Mean of the parameters of 100 different estimated models: input
type u?, N = 200. The models was scaled sa that d = 1.

’ Alg., Par. H a ‘ b ‘ e ‘ pa(1) ‘ H(1) ‘ c ‘ A ‘ ps(1) ‘ H°(1)

DSR, L=1 || 0.8861 | 0.507 | -0.992 | 1.405 | 4.0874 | 0.6093 | 0.9961 | 0.2768 | 7.0385

DSR, L=2 || 0.8884 | 0.502 | -0.995 | 1.399 | 3.9833 | 0.6045 | 0.9699 | 0.2839 | 6.9509
DSR, L=3 || 0.8886 | 0.502 | -0.997 | 1.398 | 3.9781 | 0.6094 | 0.9476 | 0.2792 | 7.0266
DSR, L=4 || 0.8891 | 0.5 | -0.993 | 1.399 | 4.0110 | 0.6128 | 0.9218 | 0.2763 | 7.1207
DSR, L=5 || 0.8902 | 0.5 | -0.994 | 1.399 | 4.0741 | 0.6139 | 0.8991 | 0.2763 | 7.2495
CVA, 1=2 || 0.8865 | 0.508 | -0.992 | 1.406 | 3.9629 | 0.6027 | 1.0102 | 0.2838 | 6.8462
CVA, I=3 || 0.8865 | 0.503 | -0.995 | 1.399 | 3.8955 | 0.6072 | 0.9953 | 0.2793 | 6.8840
CVA, 1=4 || 0.8859 | 0.500 | -0.997 | 1.396 | 3.8534 | 0.6111 | 0.9916 | 0.2749 | 6.9022
CVA, 1=5 || 0.8852 | 0.499 | -0.997 | 1.394 | 3.8399 | 0.6122 | 0.9844 | 0.2730 | 6.9141
CVA, I=6 || 0.8840 | 0.501 | -0.931 | 1.396 | 3.7969 | 0.6145 | 0.9801 | 0.2695 | 6.8643

[ ARMAX [ 0.8864 | 0.504 | -0.994 [ 1.399 [ 3.8848 [ 0.5987 | 0.9971 | 0.2877 | 6.7799
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Mean of F estimates

1.04

Figure 3.6: The mean value of the square root of the innovations variance
estimates F' for a Monte Carlo simulation with varying past horizon parameter
J and identification parameter L. The estimates are computed by the algorithm
in Corollary 3.5.1. The number of samples in each simulation was N = 15000
and the number of simulations for each pair L,J was 100. The input was a
sinusoid signal (u3). The actual parameter value is F' = 1. The mean of all the
estimates in the figure is 0.9996 with a standard deviation of 7.4 - 10~%. This
indicates that the estimates are consistent.

Normalized standard deviation of F estimates

Figure 3.7: The standard deviation multiplied (normalized) with N1/2 of the
innovations variance estimates F' for a Monte Carlo simulation with varying past
horizon parameter J and varying identification parameter L. The estimates are
computed by the algorithm in Corollary 3.5.1. The number of samples in each
simulation was N = 15000 and the number of simulations for each pair L, J was
100. The input was a sinusoid signal (u!). The minimum standard deviation
was 0.6016/N/2 at L =4 and J = 6.
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Figure 3.8: The mean value of the Kalman filter gain estimates for a Monte
Carlo simulation with varying past horizon parameter J and identification pa-
rameter L. The estimates are computed by the algorithm in Corollary 3.5.2.
The number of samples in each simulation was N = 15000 and the number of
simulations for each pair L,.J was 100. The input was a sinusoid signal (u?).
The actual value is C' = 0.6. The bias for J = 1 as shown in Figure 3.4 when
the estimates are computed as in Corollary 3.5.2 is approximately eliminated.

Table 3.4: Standard deviation of the parameters of 100 different estimated
models: input type u?, N = 200.

’ Alg., Par. H a ‘ b ‘ e ‘ pa(1) ‘ H(1) ‘ ¢ A ‘ ps(1) ‘ H®(1)
DSR, L=1 || 0.0379 | 0.096 | 0.073 | 0.132 | 2.3261 | 0.0101 | 0.0907 | 0.0884 | 2.4984
DSR, L=2 || 0.0351 | 0.091 | 0.072 | 0.122 | 1.8766 | 0.0131 | 0.0889 | 0.0915 | 1.9967

DSR, L=3 || 0.0357 | 0.093 | 0.079 | 0.123 | 1.8585 | 0.0158 | 0.0887 | 0.0964 | 2.0583
DSR, L=4 || 0.0363 | 0.095 | 0.084 | 0.123 | 1.9096 | 0.0183 | 0.0872 | 0.1046 | 2.1884
DSR, L=5 || 0.0361 | 0.098 | 0.089 | 0.121 | 1.9666 | 0.0210 | 0.0865 | 0.1095 | 2.4102
CVA, I=2 0.0354 | 0.096 | 0.073 | 0.133 | 1.9081 | 0.0104 | 0.0936 | 0.0844 | 1.9693
CVA, I=3 || 0.0351 | 0.099 | 0.074 | 0.137 | 1.8680 | 0.0106 | 0.0959 | 0.0839 | 2.0161
CVA, I=4 || 0.0357 | 0.099 | 0.077 | 0.138 | 1.8757 | 0.0115 | 0.0931 | 0.0871 | 2.0303
CVA, I=5 0.0367 | 0.099 | 0.078 | 0.135 | 1.9511 | 0.0119 | 0.0951 | 0.0904 | 2.1405
CVA, I=6 || 0.0376 | 0.098 | 0.079 | 0.133 | 1.8513 | 0.0123 | 0.0955 | 0.0974 | 2.0864

[ ARMAX [ 0.0348 ] 0.092 | 0.068 | 0.123 [ 1.7760 | 0.0723 | 0.0933 | 0.0867 [ 1.8969
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Table 3.5: Mean of the parameters of 100 different estimated models: input

type u3, N = 500. The models was scaled so that d = 1.

l Alg., Par. H a ‘ b ‘ e ‘ pa(l) ‘ Hd(l) ‘ [ ‘ A ‘ ps(1) ‘ H°(1)
DSR, L=1 || 0.8952 | 0.493 | -1.001 | 1.392 | 4.0591 | 0.6013 | 1.0006 | 0.2939 | 7.0975
DSR, L=2 | 0.8938 | 0.494 | -1.002 | 1.390 | 3.9881 | 0.5961 | 0.9879 | 0.2977 | 6.9587
DSR, L=3 || 0.8934 | 0.493 | -1.003 | 1.389 | 3.9382 | 0.6000 | 0.9784 | 0.2934 | 6.9510
DSR, L=4 || 0.8931 | 0.493 | -1.002 | 1.389 | 3.9376 | 0.6018 | 0.9695 | 0.2914 | 6.9572
DSR, L=5 || 0.8936 | 0.493 | -1.002 | 1.390 | 3.9738 | 0.6030 | 0.9612 | 0.2906 | 7.0060
CVA, I=2 || 0.8944 | 0.493 | -1.002 | 1.391 | 3.9908 | 0.5944 | 1.0047 | 0.2999 | 6.9579
CVA, I=3 0.8933 | 0.492 | -1.001 | 1.389 | 3.9558 | 0.5959 | 0.9998 | 0.2974 | 6.9273
CVA, I=4 0.8931 | 0.492 | -1.000 | 1.389 | 3.9105 | 0.5966 | 0.9992 | 0.2965 | 6.8970
CVA, I=5 0.8930 | 0.492 | -1.000 | 1.389 | 3.9064 | 0.5967 | 0.9986 | 0.2963 | 6.8926
CVA, I=6 0.8931 | 0.491 | -1.999 | 1.389 | 3.8941 | 0.5972 | 0.9977 | 0.2960 | 6.8930

[ ARMAX [ 0.8936 | 0.493 | -1.002 [ 1.39 [ 3.9354 [ 0.5952 | 0.9980 | 0.2983 | 6.8954

Table 3.6: Standard deviation of the parameters of 100 different estimated

models: input type u3, N = 500.

[ Alg., Par. [ a [ b [ e [ pa() | HY(1) [ ¢ A [ ps(1) [ H(1) |
DSR, L=1 [[ 0.0277 | 0.066 | 0.077 | 0.102 | 1.6168 | 0.0409 | 0.0644 | 0.0542 [ 1.4790
DSR, L=2 || 0.0274 | 0.066 | 0.075 | 0.099 | 1.6257 | 0.0442 | 0.0637 | 0.0580 | 1.4551
DSR, L=3 || 0.0268 | 0.066 | 0.077 | 0.099 | 1.5491 | 0.0456 | 0.0638 | 0.0583 | 1.4129
DSR, L=4 | 0.0272 | 0.066 | 0.076 | 0.100 | 1.5699 | 0.0470 | 0.0626 | 0.0600 | 1.4067
DSR, L=5 || 0.0275 | 0.067 | 0.076 | 0.100 | 1.6054 | 0.0479 | 0.0640 | 0.0609 | 1.4341
CVA,1=2 [ 0.0269 | 0.066 | 0.076 | 0.100 | 1.5547 [ 0.0417 | 0.0653 | 0.0542 | 1.4149
CVA, 1=3 |/ 0.0275 | 0.066 | 0.076 | 0.099 | 1.5903 | 0.0431 | 0.0642 | 0.0560 | 1.4462
CVA, I1=4 || 0.0268 | 0.067 | 0.075 | 0.099 | 1.5164 | 0.0415 | 0.0645 | 0.0532 | 1.3767
CVA, 1=5 || 0.0267 | 0.066 | 0.075 | 0.099 | 1.5091 | 0.0420 | 0.0645 | 0.0539 | 1.3780
CVA, 1=6 || 0.0262 | 0.067 | 0.076 | 0.101 | 1.5003 | 0.0433 | 0.0660 | 0.0539 | 1.3668

[ ARMAX [ 0.0260 [ 0.066 | 0.075 [ 0.099 [ 1.5207 | 0.0421 [ 0.0643 [ 0.0535 | 1.3581 |
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3.7.2 Example 2

We will in this example investigate the problem with colored input signals and
the N4SID algorithm.

Consider the same SISO one state example as in Example 1, Equations
(3.112) and (3.113). Two different input signals were chosen, one equal to a
pure sinusoid signal, input type «?, and one equal to a white noise sequence with
unit variance, input type u?. The inputs are the same as defined in Example
1. The number of samples was fixed to N = 500. The standard deviation of
the innovation was varied from A%® =0 to A%® = 0.01 in order to investigate
the sensitivity for noise. The number of block rows in the data matrices was
chosen as L = 2.

The extended observability matrix O3 was estimated from the column space
of the matrix Zy 1|41, Equation (3.102). The dimension of the column space
is estimated as the number of “non zero” singular values, see Figure 3.9. We
have also introduced the normalized singular value (s; — s2)/s1 as shown in
Figure 3.10. This means that when (s; — s2)/s1 = 1 then the number of states
isn=1.

The conclusions to be drawn from Figures 3.9 and 3.10 are that the DSR
algorithm gives reasonable estimates for both the system order and the actual
pole (the CVA and PO-MOESP give essentially the same results for this
example) and that the N4SID algorithm does not work at all for this system
with a pure deterministic sinusoid input signal (uy = sin(k)). However, note
that when the input was changed to a white noise sequence (input type u?)
then the two algorithms gave essentially the same singular values as well as
pole estimates.

3.7.3 Example 3

A two input two output system with the following model matrices is considered.

15 1 0.1 00
A= | =07 0 01 B=|01 (3.114)
. 0 0 08 10
(3 0 —06 00
D = 01 1} E_[OO] (3.115)
0 0.1 Lo
C = |01 o0 A=, (3.116)
0 0.2

The system have a deterministic zero at —3, i.e. the system is non-minimum
phase. The eigenvalues of A are 0.85,0.75 + 0.37083.

The deterministic and stochastic gain matrices are given by

gy 6 15] ... [ 25 47
H(1) = [ 2.6667 —2.5 } 1) = [ —0.25 1.1833
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DSR: singular values as a function of varying noise
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N4SID: singular values as a function of varying noise
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Figure 3.9: The singular values for model order selection as a function of varying
innovations noise level. The input to the system was a pure sinusoid signal
(input type u?). The other parameters are as described in Example 2. The
singular values from the DSR. algorithm are shown in the upper figure and for
the N4SID algorithm in the lower. The actual system order is n = 1. As we
can see, the system order is fairly well detected by the DSR algorithm, while
the N4SID algorithm does not work at all for this system with a sinusoid input
signal.
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DSR and N4SID: normalized singular values
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Figure 3.10: This figure shows the normalized singular values (s1 — s2)/s1 and
the pole estimates as a function of varying innovations noise level for the system
in Example 2. The input to the system was a pure sinusoid signal (input type
u3). The other parameters are as described in Example 2. The normalized
singular values from both the DSR and N4SID algorithms are shown in the
upper figure. The pole estimates are shown in the lower figure. The actual
system order is n = 1 and the actual pole is 0.9. As we can see, the system
order and the pole is fairly well estimated by the DSR algorithm, while the
NA4SID algorithm does not work at all for this system with a sinusoid input

signal.
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The algorithm gives exact results when A = 0. Hence, this result is not pre-
sented. The time series yi,u; was generated by simulating the model with

one particular random noise process e, with covariance A. The input was

u = [u?u']”. The DSR parameter was fixed to L = 6. The following estimates

are obtained by DSR.

rdoqy | 15.6575  14.6168 (1N 2.3625 4.5583
A1) = [ 2.5576 —2.4188 } 1) = { —0.2436 1.1275

A [ L0531 —0.0244
—0.0244  0.9859

System Singular Values Condition numbers
5 20
10 10
* *
10° ok 10" s % w K xR KK
107° 10"
107" 10°
_ KX % x x
10 15 KoK o o 100 3 *
(o] 5 10 15 (o] 5 10 15
System order System order
5 System Singular Values B Condition numbers
10 - 10
: K K XK
. KK *
10" | X e
* 10°
10° *
1 10 *
10 i H
* N
KK o w % *
107? 10° ¢
(o] 5 10 15 (o] 5 10 15
System order System order

Figure 3.11: Singular values (s;,7 = 1,...,12) and condition numbers (‘Z—i,z =
1,...,12) for the system order selection in Example 3. The noise free determin-

istic case with A = 0, upper figure. The case with A = I, lower figure.

3.7.4 Example 4: Modeling the crude oil prize

The idea of this example is to investigate if the crude oil prize can be modeled by
a combined deterministic and stochastic model with the USD vs. NKR exchange
rate treated as an exogenous input variable. It is assumed that the exchange
rate is managed and exactly known. There are of course other variables than
the exchange rate which influences upon the crude oil prize. These variables
are in this example assumed to be unknown stochastic variables.

A number of 504 observations of the crude oil prize ([A2L£1) in the period

from 1993 to 1995 is shown in Figure 3.13. The data is from Norges Bank
(the Bank of Norway). The crude oil prize at observation k is defined as yj
and also defined as an output variable. At the same time instants the USD vs.
NKR exchange rate ([Z22]) in the period from 1993 to 1995 is shown in Figure
3.14. The exchange rate at day k is defined as u; and also defined as an input
variable.
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Trace of mean square errors: dsr pem robust

oo DSR —

0.25

0.05 =
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1000 2000 3000 4000 5000 6000 7000 8000
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Figure 3.12: Results from a Monte Carlo simulation in order to investigate the
accuracy of the innovation estimates. The model in Example 3 is simulated 100
times with varying number of samples. The DSR estimates are computed from
Theorem 3.4.3. The PEM algorithm converged only for number of samples
N < 3000.

The time series are separated into a trend and a series of variations. Define

dyr = yr —yo(k) (3.117)
duk = uk—uo(k:) (3.118)

where dyj, is the variation in the crude oil prize around the trend yo(k) and
duy, is the variation in the exchange rate around the trend ug(k). The exchange
rate trend is simply chosen as the first observation, i.e. wug(1). Inspection
of the series shows that there is an immediately fall in the crude oil prize at
observation number k£ = 368 of about 18 [é\; f,i Z] This drop in the crude oil prize
can hardly be explained by changes in the exchange rate (uj). The explain-
nation is more likely an economical decision (from a OPEC meeting etc.). The
trend is therefore chosen as shown in Figure 3.13. However, note that it is not
necessary to remove trends from the time series when the algorithm for Subspace

Identification (4SID), (Di Ruscio (1995) algorithm name DSR) is used.

The 200 first observations in the time series dyy and duy was used as inputs
to the DSR algorithm. The algorithm was also executed with the parameter L =
5 (number of block rows in the extended observability matrix). The singular
values and condition numbers used for estimating the order of the state space
model is shown in Figure 3.15. It is clear from the figure that a first order model
(n = 1) is a good choice. The estimated model parameters are A = 0.9669,
B = 160.6463, C' = 1.8302, D = 0.4759, E = —719.6302 and A = 2.9844 and
the model

Thi1 = 0.9669z) 4 160.6463duy, 4 1.8302¢y, (3.119)
dy, = 0.4759z; — 719.6302duy, + ey, (3.120)
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where e, is a zero mean, Gaussian distributed stochastic sequence with covari-
ance

A = E(egel) = 2.9844 (3.121)

and unknown realization.

First, the deterministic part of the estimated model was simulated with all
504 exchange rate observations as inputs. The simulated deterministic model
output (dy?) and the actual observations (dyy) are illustrated in Figure 3.16.
The error between the actual and simulated time series can also be measured
as (the covariance estimate)

1 200

Jio= — Y (dy — dy)? =23.996 (3.122)
200 £
1 504

Jo = — Y (dy — dy)?* = 38.88 (3.123)
504 <

The total combined deterministic and stochastic model was simulated. The
stochastic input (innovations process) was generated with the MATLAB func-
tion e = randn(501,1) * sqrt(A) also with seed zero. Note that a different
noise realization (different seed) will give a slightly different result. However,
the results are illustrated in Figure 3.17.

The innovations model can be written as an optimal prediction model for
the output (the crude oil prize). Define the innovations process as ey = yr — Yk
where g is the optimal prediction of the output ;. Then we have

Trr1 = Axp+ Bug+ C(yk — Dz — Euk) (3.124)
U = Dxp+ Eug (3.125)

The optimal prediction of the crude oil prize variations is illustrated in Figure
3.18.

Even if the model is generated only by the 200 first observations it is ca-
pable of roughly predicting the slowly variations in all the 504 crude oil prize
observations.
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dy: crude oil prize in [NKR/barrel] (trend removed)
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Figure 3.13: The crude oil prize yx = dyx + yo(k) [éggg] in the period 1993 to
1995 is separated into crude oil prize variations dy; (upper figure) and trend

yo(k) (lower figure).

du: exchange rate [USD/NKR] (trend removed)

o 50 100 150 200 250 300 350 400 450 500
uO: exchange rate trend [USD/NKR]
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0.16 -
0.14 =
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[days]

Figure 3.14: The exchange rate uy = duy + uo(k) [%] in the period 1993 to

1995 is separated into rate variations duy, (upper figure) and trend ug(k) (lower
figure).
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.,b) and condition numbers

, i =1,...,5) used to investigate the order of the state space model in Ex-
ample 4. The model order is estimated as the number of large singular values
or the number of small condition numbers.

Actual and simulated crude oil prize variations [NKR/barrel]

simulated
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h \ i
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i
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500

: Actual and simulated (deterministic part of model) crude oil prize.
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Actual and simulated crude oil prize variazions [NKR/barrel]
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Figure 3.17: Actual and simulated (combined deterministic and stochastic
model) crude oil prize. This model was generated from the 200 first samples of
the input output samples, only. The algorithm parameter was L = 5.

Actual and optimal prediction of crude oil prize variations [NKR/barrel]
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Figure 3.18: Actual and simulated optimal prediction of the crude oil prize is
shown in the upper part of the figure. The difference between the actual and
the optimal prediction of the crude oil prize is shown in the lower part of the
figure. This model was generated from the 200 first samples of the input output
samples, only. The algorithm parameter was L = 5.
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3.7.5 Example 5: Modeling PH

The time series in this example is from a tray (plate) column scrubber at Union
Co., Skien, Norway (printed with permission). Liquid travels down (vertical)
the column over a series of trays. Gas travels up through contacting devices in
each tray. There is a PH control loop at each tray. A suspension of slurry is
used as input variable (here defined as uy) to control the PH (output variable
here defined as yg). The time series shown in Figure 3.19 are from an open loop
experiment at one tray in the column.

The sampling time was At = 4 [sec|. All the N = 901 samples was used for
identification. The algorithm parameter was chosen as L = 2. Note that L = 1,
L =2 and L = 3 gives about the same model and that a first order model was
detected from inspection of the L singular values (when L > 2).

The estimated model is

Tpy1 = 0.9881xy 4 5.09 - 10 Yy, + 0.4358¢;, (3.126)
Gr = 0.7113z) +4.76 - 10 uy, + ey, (3.127)

where e, is a zero mean, Gaussian distributed stochastic sequence with covari-
ance

A = E(epel) =5.26-1071 (3.128)

The estimated deterministic gain (gain from wug to ) is 0.031 and the estimated
time constant is T' = —lnAﬁ = 5.6 [min]. Inspection of the actual time series
shows that these parameters are reasonable.

Singular values and principal angles for model order selection are shown
in Figure 3.20. A simulation of the deterministic part of the model and the
measured PH is shown in Figure 3.21.

3.8 Conclusions

A method for subspace identification and realization of state space models on
innovations form directly from given input and output data is presented.

The method determines both the deterministic part and the stochastic part
of the model.

The algorithm gives exact results in the deterministic case and consistent
results when the system is influenced by noise.

The stochastic part of the model is computed from standard linear algebra
decomposition methods and no matrix equations (e.g. Riccati or Lyapunov
equations) need to be solved.
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y: PH measurement
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Figure 3.19: The measured PH (output from the process) upper figure. The
manipulated input to the process (valve position) is shown in the lower figure.
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Figure 3.20: Singular values and principal angles for inspection of model order.
The principal angles are computed by the CVA algorithm. The DSR parame-
ter L = 5 was chosen. The figure shows that a reasonable model order is n = 1.
See Example 5 for details.
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Measured and simulated PH
T T

—-0.5 I I I I I
o 10 20 30 40 50 60

[min]

Figure 3.21: Measured and simulated (deterministic model simulation) PH. The
model was generated from all the NV = 901 samples. The algorithm parameter
was L = 2.
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Corrections

1. Index error in the matrices with zeroes on the right hand side (rhs) of
Equation (3.46).
In the third rhs term, Change 0Lm><(k+L+1—J)T to O(L+1)m><(k+L+1—J)'r' In
the fifth rhs term, change O, (k+2+1-7)r 10 O(L41)mx (k+L+1—J)m- The
error is changed.

2. Index error on the right hand side of Equation (3.49). Change Eg 41 to
Eg|;. The error is changed.

3. Index error on the right hand side of Equation (3.51). Change Ey|r4; to
Eq|;. The error is changed.

4. Index error on the right hand side of Equation (3.52). Change Ey|r4; to
Eg| ;. The error is changed.

5. The matrix Ui‘H‘LJrl is missing on the right hand side in Equation (3.109).

The column weighting matrix W, in the N4SID algorithm should be
We = Uty WT WiUpyy W) ™' W

The error is changed.



Chapter 4

On the DSR algorithm

4.1 Introduction

The theory of subspace identification (SID) methods will be presented in gen-
eral. The theory and application of one particular SID method will be presented
in some detail.

A SID method can be viewed as a realization based approach to estimat-
ing state space models from input and output data. This is a most effective
and useful method, in particular for multivariable input and output (combined
deterministic and stochastic) systems.

A lower Left Q-orthogonal (LQ) decomposition is often used in subspace
identification methods in order to compute certain projection matrices and
subspaces of the known data matrices and to estimate the system order and
the extended observability matrix of the dynamic system.

The dynamics of the system can be extracted from the column space R(Z)
of one particular projected matrix Z which is computed from the input and
output data matrices Y, U and a method for computing subspaces, e.g., LQ
decomposition, singular value decomposition. An alternative method (to com-
pute the projection matrices, subspaces and the column space R(Z)) which
is based on the Partial Least Squares (PLS) method (decomposition) is also
presented.

Two examples are presented in order to compare different SID methods.
First: a Monte Carlo simulation experiment of a MIMO system is presented in
order to compare the numerically reliability of one particular subspace method
with two other subspace methods presented in the literature.

Second: a real world example from the pulp and paper industry is presented
in order to compare the quality of the methods. For this example there are three
input variables in the U data matrix and two output variables in the Y data
matrix. The data was collected from an experiment design. The quality of
the different models and validation aspects are addressed. The estimated state
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space model is then used in a model predictive control strategy. Simulation
results are presented.
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4.2 BASICSYSTEM THEORETIC DESCRIPTION

Underlying system described by a State space
model (SSM)

Trr1 = Axp+ Bup 4+ Gug (4.1)
Yy = Dzxp+ Bu + wy (4.2)

e Process noise v, measurement noise wy, are zero-mean and white.

Colored process noise model included in SSM.

The system is driven by both known input variables uj, unknown input
variables v, wi and unknown initial values xg.

Description of combined deterministic and stochastic linear systems.

Linearized approximation of non-linear systems.

Innovations form of state space model (ISSM)

is the starting point for the development of the algorithm.

Algorithm ZTr4+1 = ATy + Bug + Cey,
developed Yr = DZp + Eug + Feg (4.3)
from ISSM E(egel) =1, 7y = E(x0)

Traditional innovations form of SSM (Kalman filter)

Trr1 = AT+ Bup + Keg, (4.4)
yr = Dzxp+ Fup + € (4.5)
where
e = Feg. Innovations process
K=CF! Kalman filter gain (4.6)

E(exel) = FFT  Innovations covariance matrix

Why use ISSM (4.3) 7

e Does not have to invert matrix F.
e Innovations e; has unit covariance matrix.

e ISSM a more unique representation of the system (4.1) and (4.2).
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4.3 PROBLEM DESCRIPTION

From known system input and output data

Uk A4 kil,?,...,N

" V k=12 ..N } Known data

find the system order n, the initial state vector xy and matrices in the ISSM
(up to within a similarity transformation)

ABC find system order and
D FE F xg matrices from known data
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4.4 BASIC DEFINITIONS

Fundamental subspaces of a matrix Z € R"™*X

e R(Z):

— The column space of Z.

— Le., the number of independent columns of Z.
— R(Z) is often called the range of Z.

— dim[R(Z)] =n

e N(Z):

— The null space of Z.
— dim[N(Z)] =K —n

dim[R(Z)] +dim[N(Z)] = K Number of columns

rank(Z) = dim[R(Z)] =n

In subspace identification:

e the observability matrix is estimated from the column space of a matrix
Z.

e the system order is identified as the dimension of the column space of Z.
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4.5 ORTHOGONAL PROJECTIONS

e A matrix Y can be decomposed into two matrices with orthogonal row
spaces.

Y =Y/P+YPt
e Projection of the row space of Y onto the row space of P.
y/P =y PT(PPT)P (4.7)

e Projection of the row space of Y onto the orthogonal complement of the
row space of P.

ypPt =y —-vPT(PPT)P (4.8)

Pt o .

A 1

Y;/P P

Figure 4.1: Two dimensional illustration of orthogonal projections.

Some useful results

Lemma 4.5.1 The following equality is true
U
e as
Lemma 4.5.2 The following equality is true

U[U r:o (4.10)
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4.6 MATRIX DEFINITIONS

e The extended observability matrix for (D, A)
D
0; & PA e R (4.11)
:D A1
Subscript ¢ denotes the number of block rows.

e The reversed extended controllability matrix for (A, B)
i A-'B A2B ... B] e R™¥ (4.12)
Subscript i denotes the number of block columns.
e The reversed extended controllability matrix for (A, C)
c; [ alc a2c ... O] e RmXir (4.13)
Subscript ¢ denotes the number of block columns.

e The lower block triangular Toeplitz matrix for (D, A, B, E)

E 0 0 -+ 0
DB E 0 - 0
szdéf DAB DB E o0 c Rimxir (4‘14)
| DA™2B DA"™3B DA™B ... E |

where the subscript ¢ denotes the number of block rows.

e A lower block triangular Toeplitz matrix for (D, A, C, F)

F 0 0 - 0
DC F 0 0
H? def | DAC DC E .- 0 € Rszzrn(415)

DA=2C DA=3C DA™C -.- F
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4.7 BASIC MATRIX EQUATION IN SUBSPACE
IDENTIFICATION

where

Vi = OpXy + HiUy + Hi Ey1,

Known data matrix of output variables

Yk Yk+1  Yk+2 o Yk+K-1
Yk+1 Ye+2  Yk+43 YR+ K Lnx K
. . . . eR
Ye+L—1 Yk+L Yk+L+1 - Yk+L+K-2
Known data matrix of input variables

Ug Uk+1 Uk42 o U4+ K-—1
Uk+1 Ug+2  Uk+3 T Uk+K Lrx K
. . . . eR
Uk4+L—-1 Uk+L Uk+L+1 " Uk L+K-2

Unknown matrix of noise variables
€L €k+1 €k42 G4 K—1
€k+1 €k+2  €k+3 T Gkt K
‘ . ‘ ‘ c RLmXK
€k+L—-1 Ck+L Ck+L+1 " Ck+L4+K-2

Unknown matrix of state vectors
nx K
Xp=[ 2K Tps1 Trp2 - Tpyx—1 ]  ER

(4.16)

(4.17)

(4.18)

(4.19)

(4.20)
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4.8 MATRIX EQUATION WITH STATES ELIMI-
NATED

Define extended state space model (ESSM)

Yirrr = ALY + BrUgrs1 + CLEy L4 (4.21)
where
Ap =0pA0Y0p)tOF (4.22)
Br=[0.B H{]-AL[ H} Opmxr | (4.23)
Cr=[0C H|—AL| H Opmxm | (4.24)

Hz and Hj are the lower left block triangular Toepliz matrices.

NOTE

Known By, — E given as lower right sub-matrix in By,
Known By, Op and A, — B given
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4.9 MATRIX OF INSTRUMENTAL VARIABLES
W

Need instrument to “remove” noise term in e.g., the ESSM.

unknown

1
Yy =AYy + BLUjj1 +CL Ejpy
YJ|L - OLXJ + HgUﬂL + Hz EJ|L
T

need instrument to
remove this term

1. Instrument should be “uncorrelated” with the noise matrix Ejjr 1,
lim E W =0 lim Ej, W+ =E 4.25
Kgnoo J|L+1/ ) Kl_lgﬂoo J|L+1 JIL+1 ( )

2. Instrument should be sufficiently correlated with informative part of ESSM
in order not to destroy information, e.g about system order.

rank(X /W) =mn

Define the matrix of instrumental variables as

Yo7 instrument with J “past”
W= [ Uo|s ] } inputs and outputs (4.26)
J>L . . . ESSM with “future”(4 27)
YJ+1‘L = ALYJ|L + BLUJ|L+1 + CLEJ‘L+1 inputs and Outputs '

Interpretation of the horizons

e J: Past horizon for instruments.

e [: Future horizon used to predict the number of states.

How to chose parameters J and L

e Choose J = L. Seems no reasons for choosing J > L.

e Min. number of block rows for observability are L, ;;; = n—m+1. Chose
L > Lyip-

e System order n < min(Lm, J(m +1)).
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4.10 Subspace identification of O;: autonomous sys-
tems

Consider the matrix equation

Zyr = 01Xy, € REME (4.28)

Assumptions

e Data matrix Z;, known.
e The pair (D, A) observable.

e rank(Xy) =n.

Column space of product

e The column space of Oy, X}, is contained in the column space of Oy,.

R(OLXk) C R(Oy) (4.29)

Sylvesters inequality gives

rank(Op) + rank(X}) —n < rank(Zy ) < min{rank(Op,), rank(Xy)} (4.30)

Conclusions
e The column space of Zj;, coincide with the column space of Of.
R(Zy 1) = R(Or) (4.31)

e The rank of Zj;, (which is equal to the dimension of the column space)
is equal to the number of states n.

rank(Zy ;) = dim[R(Zy )] = n (4.32)

e Can estimate both the system order n and the extended observability
matrix Or, from the matrix Zyr.
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4.11 Subspace identification of O;: deterministic sys-
tems

Deterministic SSM can be written as the matrix equation
Yy = Op Xy + HiUy 1 (4.33)

e Data-matrices Yy z, and Uy r are known.

Results

def
Zy|L = Yk|LU;jL = OLXkU,jL (4.34)
and
rank(Zy ;) =n if rank(XpUj, ) =n (4.35)

|L

° XkU,#L loose rank below n 7

Analysis

A matrix X can be decomposed into two matrices with orthogonal row spaces.

Xp = Xy /Uy, + XkUsz

L
XkUk|L“- ———————————————— A Xk

Xi/UnL Ukl

o X} /Uy r: Projection of the row space of Xj on the row space of Uy

e X kU,jL: Projection of the row space of X onto the orthogonal comple-
ment of the row space of Uy
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Conclusion

rank(XkUle) =n if Xy # Uy (4.36)

4.12 Subspace identification of Oy .;: “general” case

Theorem 4.12.1 (Realization of the extended observability matrix Or;)
Define from the known data

ot Ujnt1 |
Zyrv1 = Yo/ | Uos W41 (4.37)
Yoz

Zj1L+1 18 related to the extended observability matriz as
Zji+1 = O X5 (4.38)

where

Ujios1 . ] Yo, |
X5 =X/ | Uoys UJ\L+1 = [ A7 ¢y O } Uols UJ|L+1
YO|J Ujin+1

e The column space of Zj 41 coincides with column space of Or1.

o The system order n is given as the dimension of the column space.
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4.13 BASIC PROJECTIONS IN THE DSR ALGO-

RITHM

“Autonomous system” for system dynamics, A and D

a
Zyp+1 = O0rL+1X7

Zyr =ALZy;

where
def UJ\L+1 N
€
Znrr = Yo/ | Uos Wi+
Yo7
Hence,

(4, D) = argmiin || Zy 4z, — ALZyy, ||

“Deterministic system” for B and E

231 = ALZy, + BrUjjp

where
UJ|L+1
2% Yy U
JL+1 — LJ|L+1 0]J
Yo
Hence,

(B, E) = argmin | Z5ur = ALZg), — BrUyipi |7

“Stochastic system” for C' and F'

25 = ALZy + CLEjLn

where
1
UJ\L+1
sy U
JIL+1 = YJL+1 0|J
Yo
Hence,

(C,F) = argmin || 27, — ApZy, — CLByn |Ib

(4.39)

(4.40)

(4.41)

(4.42)

(4.43)

(4.44)

(4.45)

(4.46)

(4.47)

(4.48)
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4.14 COMPUTING PROJECTIONS BY QR DE-
COMPOSITION

DATA COMPRESSION BY QR-DECOMPOSITION

Compute the QR decomposition (or lower Left triangular, Q-orthogonal
(LQ))

“large” “small and square” “large”
K (2L+1)(r+m) K
——
UJ| L+1 Rll 0 0 0 Ql
1 oder 1 w Ro1 Ra2 0 0 Q2
v eE = = R@.49
VK VK | Yo R31 Rz Rz 0 Qs ©1.49)
Yrir Ry Rsyp Ruz Ru Q4
——
needed in algorithm  not needed
POINTS

e Compress large and known data matrices into (usually) a “smaller” matrix
R.

e All relevant system information in lower left triangular part of matrix R.
@ is orthogonal.

e R is the “square root” of the covariance matrix %YYT.

e R is computed without never computing the covariance matrix %??T.

e QR decomposition make algorithm numerically robust, e.g. due to round-
ing off errors (usually in situations when N is large), and ill-conditioned
noise realizations.
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SEPARATION INTO

e AUTONOMOUS SYSTEM
e DETERMINISTIC SYSTEM AND
e STOCHASTIC SYSTEM

Le., “data” separated into three parts by the QR-decomposition

1. One part for analyzing and determination of system dynamics, i.e. the
system order n and state equation system matrix A

Ryp = ApRs; (4.50)
2. Onme part for determination of the deterministic part of the system
Ry — ApRyp = BLRyy (4.51)

3. One part for determination of the stochastic part of the system

Ry = CLELQT (4.52)
Ry3 — ARg3 = CLELQ] (4.53)
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EXTRACTING THE SYSTEM MATRICES

(FROM R)
SOLUTION:
From sub-matrices in R Extract order n and matrices in the ISSM
R ABC
DEF

1. System order: n and matrix D

SVD n System order by inspection
Ry — [ U U ] S1 0 VlT of “non zero” singular values.
327 A 0 S Vi O =U; Extended observability matrix.

D =0Or(1:m,:) Matrix in ISSM output eq.
2. Matrix A

~ A=UTRpViST! System matrix in ISSM state eq.
Ry = ALR3o } 12 ol Y q

Ap = 0OA(0T0)~'OT System matrix in ESSM.

3. Matrices B and FE
~ - B ; ~
R41 — ALR31 = BLR11 — CS( E ) =N CS(R41 — ALR31)

4. Matrices C and F

Ry — F and E(egel) = FFT
Rys— ALR33 =CrELQT — C

where EQ¥ block diagonal with F on the diagonal, see paper eq. (66).
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4.15 COMPUTING PROJECTIONS WITH PLS

e PLS: Partial Least Squares, Wold (1966).
e Projections in DSR algorithm can be computed by the use of PLS.
e Some effect for purely exiting input signals.

e Regularization. Bias and variance.
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4.16 MODEL ORDER SELECTION BY EXAMPLE

Singular Values Pricipal angles (CVA)

10 T 10 K
(¢} * *
100 * . _
1072 1
1072 1
107" 1
107 g
—6
10 | B 10 b
-8
0 ] 10° 1
10710» i
lole i
10712, i %
_ *
-14 10 Pt X% oox o
10 "' - KUy “ 7 sk
* %
10—16 i 10—14
(o] 5 10 (o] 5 10
System order System order

Figure 4.2: Model order selection for process with two inputs and two outputs
and three states (no noise case).
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10°

10

10

10~

10

1

2

Singular Values o Pricipal angles (CVA)
T 10 K T
*

* 5 10 *ox 1
*
Kk
*
*
¥k ¥
Xk
*
* .k
i 1072 i
5 10 (0] 5 10
System order System order

Figure 4.3: Model order selection for process with two inputs and two outputs
and three states (noisy case).

4.17 PROPERTIES OF THE ALGORITHM

Numerically robust implementation. The complete model is determined
from QR and SV D only.

Practical and easy to use implementation.

Only one scalar parameter to be specified by the user.
> the number of block rows in the extended observability matrix.
Choose

L>1 (4.54)

Can choose system order

n < min(Lm, J(m + 1)) (4.55)
QR-decomposition of a data matrix with row size only
2L+ 1)(r+m) (4.56)
Do not solve any Riccati equation in order to determine

— C - the Kalman filter gain matrix

— A - the innovations process noise covariance matrix
“Exact” results for deterministic systems.

Consistent results for combined deterministic and stochastic systems (or
pure stochastic systems).

No problems with non-zero initial values (of the states).
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4.18 COMPARISON WITH CLASSICAL APPROACHES

1. Parameterizations:

e (lassical PE approaches need a certain user-specified model param-
eterization, so-called canonical forms.
There has been an extensive amount of research to determine canon-
ical forms.
Many problems with canonical forms (minimal parameterizations).
Can lead to numerically ill-conditioned problems, meaning that the
parameters in the canonical form model is extremely sensitive to
small perturbations.

e DSR method need no parameterization.
2. Convergence:

e PE approaches is iterative. Many hard to deal with problems such
as
problems with lack of convergence; no convergence; slow conver-
gence;
local minima; numerical instability;

e DSR method is non-iterative, there are no problems with conver-
gence and the method is numerically robust.

3. Speed:
DSR method faster than classical PE approaches (because the method
is non-iterative).
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4.19 INDUSTRIAL APPLICATIONS

A short description is given of applications of the DSR identification method
for analysis and modeling of five different industrial data sets.

1. Thermo Mechanical Pulping (TMP) refiner. Models successfully
identified between almost all input and output variables in the process.

2. Paper machine. Dynamic model with 2 input and 2 output variables
identified.

3. Plate column scrubber. 4 input and 5 output variables basic for mod-
eling. (student project)

4. Raw oil distillation column. 4 input and 3 output variables are used
for identifying a dynamic modeling.

5. Rotary oven. 4 input and 2 output variables are used for identifying a
dynamic model.
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4.20 SOFTWARE

e DSR Toolbox for MATLAB. Fantoft Prosess A.S, P.O. Box 306, 1301
Sandvika, Norway.

e DSR Windows 3.x, 95 or NT program. Fantoft Prosess A.S, P.O. Box
306, 1301 Sandvika, Norway.

e Deterministic and Stochastic system identification and Realization (DSR).

How to use matlab script

Known process input and output data

U, V k=
Yk v k

Organize into data matrices

Known data matrix of output variables
——~

Yo
i
Y=|. e RVxm (4.57)
YN-1
Known data matrix of input variables
——~
ug
uf N
U= . e RYXT (4.58)
UN_1
e Computing the dynamic model
[ A,B,D.E,C,F,xy | =DSR(Y,U,L) (4.59)

e One scalar parameter L.

e Choose system order n < min(Lm, J(m +1)).
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4.21 Analysis and modeling of a scrubber

e Time series from a tray (plate) column scrubber, Union Co., Skien, Nor-
way.

e Sampling time 4 [sec]. N = 901 samples used for identification.

y: PH measurement
0.4 T

o 10 20 30 40 50 60

u: valve position
T

20 b

(o] 10 20 30 40 50 60
[min]

Figure 4.4: The measured PH in upper figure. The input (valve position) in
lower figure.

Singular Values Pricipal angles (CVA)

10 10
*
107t 1
ES
* >k
10 1
*
1072 1
ES
* *
*
1073 L L L 1072 L L L
1 2 3 4 5 1 2 3 4 5
System order System order

Figure 4.5: Principal directions and principal angles for dynamic order selection.
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4.22 MONTE CARLO SIMULATION OF MIMO
SYSTEM

System data:

Number of inputs: r =2
Number of outputs: m = 2
Number of states: n=3

Input experiment signal:

"y = [ Sin(%l) + sin(i) + Sin(é)

1 7 ) P
(sin(;—g)) n sin(f—o) N sin(%) +sin(£))0.2 ] } Case 1: results in Figure 4.6

[ (sin({y) + sin(£) + sin(%))0.05 ‘ -
Uy = [ . in; )+ sin(%) +sin(£))0.1 Case 2: results in Figure 4.7

—~
®
—
B

—

&l

S~—
+
w
—
B

—

ol

Noise covariance matrices:

E(wg) =0, E(wpwl) = (2) g } (4.60)
10
E(vg) =0, E(vpl) = [ 01
Simulation parameters:
Number of samples: N = 5000

Number of experiments: M = 100

Algorithms and parameters used:

DSR, L
CVA, Larimore (1990), I
ROBUST, Van Overschee (1995), I

2
3
3

For purely exiting input signals, choose DSR. parameter L small.

L is the horizon used to predict the number of states.

For choice L = 2, must choose n < Lm = 4.

e CVA and ROBUST: The smallest parameter is I = 3 in order to identify
a 3rd order model.
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DSR_Iq ROBUST
0.5 0.5
0.4 # 0.4
0.3 0.3
0.2 0.2
0.1 0.1
[0} -HH-- (o] -
0.6 0.7 0.8 0.6 0.7 0.8
DSR_pls CVA
0.5 0.5
0.4 # 0.4
0.3 0.3
1S
0.2 0.2
0.1 0.1
(0] ~+HI-— (o] -
0.6 0.7 0.8 0.6 0.7 0.8
Re

Figure 4.6: Pole estimates of a system with two inputs, two outputs and three
states. DSR parameters L = J = 2 for both the LQ and PLS method for
computing the projection matrices. Parameter I = 3 for ROBUST and CVA.
The exact poles are A1 2 = 0.75 & 0.37087 and A3 = 0.85.
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ROBUST
0.5 0.5
£t
0.4 0.4 ;ﬁ%éﬁ%
+ Ht
+h L
+ A +T+
0.3+ oaf | RETE
+
0.2 0.2
0.1 0.1
[0} + [0}
0.6 0.7 0.8 0.9 1 0.6 0.7 0.8 0.9 1
CVA
0.5 0.5
+ +
0.4 0.4 + ¢¢+ j\flctj
+ **#{#*# Erad tr+
0.3 0.3+ et
£ + o+ 4+
0.2 0.2 +
0.1 0.1
(0] + (0] H—++ i+
0.6 0.7 0.8 0.9 1 0.6 0.7 0.8 0.9 1

Re

Figure 4.7: Pole estimates of a system with two inputs, two outputs and three
states. DSR parameters L = J = 2 for both the LQ and PLS method for
computing the projection matrices. Parameter I = 3 for ROBUST and CVA.
The exact poles are A1 2 = 0.75 £ 0.37087 and A3 = 0.85.

4.23 STATISTICAL ANALYSIS

e The method (DSR) is consistent.

e Efficiency is analyzed with Monte Carlo simulation

Remarks

e DSR is “more” efficient than n4sid, for a “small” number of observations.

e PEM did not converge sufficiently when initial-values (to PEM) was esti-
mated with the functions in the matlab ident toolbox.

e Refinement of the prediction error approach is possible, but at a higher
computational expense.

Conclusions:

e This example shows a larger variability in the complex pole estimates
from CVA andROBUST than the corresponding pole estimates from
DSR.

e CVA andROBUST estimated the real pole with reasonable accuracy.

e The estimates from DSR is close to the estimates from PEM.
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Trace of mean square errors: dsr n4dsid pem
T

179'6 T =
|
0.9} ! B
|
1
0.8 i
|
0.7 ! o—e—© DSR B
|
|
0.67+‘ + —+ + N4SID *
4

T
|
|
1
|
|
|
|
|
|
|
|
|
0.5 1 i )=k — % PEM b
1
1
|
1
1
|
I
1
|

D

i i i i i i i i i
200 400 600 800 1000 1200 1400 1600 1800 2000
[number of observations]

Figure 4.8: The trace of the covariance matrix of the difference between the
estimated and the true parameter vector. PEM did not converge sufficiently
when the number of samples was small and large.

4.24 IDENTIFICATION AND CONTROL OF TMP
PROCESS

e The process is a Thermo Mechanical Pulping (TMP) plant at Union Co,
Skien, Norway. A key part in this process is a Sunds Defibrator double
(rotating) disk RGP 68 refiner.

e Subspace identification and MPC of a TMP refiner are addressed.

— Real process data for model identification.
— MPC algorithm simulation results only.

e The refiner is modeled by a MIMO ( 3-input, 2-output and 6-state) state
space model.

Description of the process variables

Input and output time series from a TMP refiner are presented in Figures 4.9
and 4.10. The time series is the result of a statistical experimental design .

The manipulable input variables

up : Plug screw speed, [rpm]
Refiner input variables{ wus : Flow of dilution water, [%g]

us : Plate gap, [mm]
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The following vector of input variables is defined

Ui
up = | up | €R3 (4.61)
us k
The output variables
The process outputs used for identification is defined as follows

MWh}
1000kg

: Refi ifi
Refiner output variables a CHICT Speciiic energy, [
y2 : Refiner consistency, [%)]

The following vector of process output variables is defined

Y = [ N ] € R (4.62)
Y2 1
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Subspace identification

e Input and output time series from a TMP refiner are presented in Figures
4.9 and 4.10. The time series is the result of a statistical experimental
design .

e The problem is to identify the SSM matrices (A, B,C,D, E, F) (up to
within a similarity transformation), including the system order (n), di-
rectly from known system input and output data vectors (or time series).

e The SSM is assumed to be on innovations form (Kalman filter).

The known process input and output data vectors from the TMP process can
be defined as follows

=1,...,.N
ue v kzl’”"N}Knowndata

For the TMP refiner example we have used:

N = 1500 [samples] for model identification
860 [samples] for model validation

e Trends should preferably be removed from the data and the time series
should be adjusted for time delays. Data preprocessing is not necessary
but it often increase the accuracy of the estimated model.

The following constant trends (working points) are removed from the refiner
input and output data.

52.3

w=1| 70|, yoz[;)fg] (4.63)
0.58 '
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Organize the process output and input data vectors y; and wu as follows

Known data matrix of output variables

yl
Yy
Y=|. e RVxm (4.64)

v

Known data matrix of input variables

T
Uy

ul N
U=|. e RV (4.65)
Uy
The problem of identifying a complete (usually) dynamic model for the process
can be illustrated by the following function (similar to a matlab function).

| A,B,C,D, E,F | =DSR(Y,U, L) (4.66)
where the sixfold matrices (A, B, C, D, E, F') are the state space model matrices.
e The algorithm name DSR stands for Deterministic and Stochastic model
Realization and identification.
e [ is a positive integer parameter which should be specified by the user.

e The parameter £ defines an upper limit for the unknown system order n.
n < Lm.

e The user must chose the system order by inspection of a plot with Singular
Values (SV) or Principal Angles (PA). The system order n is identified as
the number of “non-zero” SV’s or “non-zero” PA’s.

e Note that the Kalman filter gain is given by X = CF~! and that the
covariance matrix of the noise innovation process is given by E(vkvg) =

FFT.

e £ =3 and n = 6 where chosen in this example.
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Model predictive control of TMP refiner

The following weighting matrices are used in the control objective.

100 0 05 0 0

0 100 0 0 100

The following horizons are used

L =6, the prediction horizon

Horizons in MPC algomthm{ J =6, the identification horizon

The following constraints are specified

, 50.0 54.0
u™ =1 60|, u™*=| 80| Vk>0 (4.68)
0.5 0.7
, —-0.5 0.5
Ay = —0.15 |, Aup™®* =015 | VEk>0 (4.69)
—0.05 0.05
min _ | 1.9 max _ | 1.7

Simulation results are illustrated in Figures 4.11 and 4.12.
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Figure 4.9: Input time series from a TMP plant at Union Bruk. The inputs are
from an experimental design. The manipulable input variables are wy, uo and
ug These inputs are set-points to local input controllers. The outputs from the
local controllers (controlled variables) are shown to the left and denoted ug)v,

ugv and ugv.
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Spec. energy: Actual and model output #1: First 1500 samples used by DSR.
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Cons.: Actual and model output #2: First 1500 samples used by DSR.

I I I
500 1000 1500 2000 2500
Time [samples]

Figure 4.10: Actual and model output time series. The actual output time
series is from a TMP plant at Union Bruk. The corresponding input variables
are shown in Figure 4.9.
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Figure 4.11: Simulation results of the MPC algorithm applied on a TMP refiner.
The known references and process outputs are shown.
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Dosage screw speed [rpm]: u_1
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Figure 4.12: Simulation results of the MPC algorithm applied on a TMP refiner.
The optimal control inputs are shown.
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Figure 4.13: Simulation results of the MPC algorithm applied on a TMP refiner.
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Optimal predictor and deterministic model (scrubber)
0.4 T

i i i i i i

(o] 100 200 300 400 500 600 700 800 900
[min]

Actual measured output

0.4 T T

i i i i i i i i
(0] 100 200 300 400 500 600 700 800 900
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Figure 4.14: Simulated model and optimal prediction of process output (upper)
and actual PH (lower).
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Chapter 5

Subspace Identification for

Dynamic Process Analysis and
Modeling

Abstract

A recently developed subspace identification method for robust data analysis
and modeling of dynamic and static systems from known observations will be
presented. The method is used in order to analyze and modeling time series
from an Thermo Mechanical Pulping refiner line at Norske Skog, Norway.

Keywords: Subspace identification; time series; TMP refiners; power; specific
energy; system identification; practical results.

5.1 Introduction

The subspace method discussed in this work, [3] - [6], has a number of ad-
vantages compared to the traditional prediction error approaches for system
identification. The method is practical and easy to use, it is non-iterative, al-
ways convergent and completely data driven. See also [8] and the survey paper
[9].

The method detects system dynamics (system order) and it can be viewed
as a generalization of traditional multivariate data analysis and modeling meth-
ods such as Principal Component Analysis (PCA) and Regression (PCR) and
Partial Least Squares (PLS). These last methods all deals with analyzing and
modeling of static relationship between variables and are well known methods
in e.g., chemometrics and econometrics. However, these methods are insuffi-
cient in order to modeling data from dynamical systems, i.e., systems where
the direction of time is important.

This implies that PCA, PCR and PLS deals with a special case analysis and
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modeling problem of the problem which is solved by the subspace methods.

The first step in the subspace method is a data compression step. The pos-
sibly large number of observations (data) are compressed to a much smaller ma-
trix by a standard lower Left Q-orthogonal (LQ) decomposition. This smaller
lower triangular matrix contains the information of the system (process and sen-
sors) which generated the data. The system dynamics as well as the complete
model for the system is extracted from this smaller matrix. A short description
of how to use the method will be given in this paper.

Note that the method works for systems where the outputs are driven by
both known input variables and unknown process disturbance variables. The
unknown variables may be high frequency or colored noise variables. The
method is believed to be a valuable tool for analyzing and modeling of data from
industrial processes, in particular dynamic processes. The subspace method is
used on some important processes in the pulp and paper industry in Norway,
e.g. a plate column scrubber; a paper machine; the Thermo Mechanical Pulping
(TMP) process.

The process variables measured on a two stage TMP refiner line at Norske
Skog, Skogn, Norway are analyzed and modeled by the method. In particular,
a state space model for the refiner motor power is constructed from observed
data (time series). This results will be presented in the paper. The model for
the 1st stage refiner has three input variables, i.e., plug screw speed, dilution
water and plate gap. The power model will be presented in this paper.

The rest of this paper is organized as follows. Some preliminary system and
problem definitions are stated in Section 5.2. A description of the subspace
method is presented in Section 5.3. An application of the subspace method
[6] is presented in Section 5.4. The actual process is a two-stage TMP refiner
line at Norske Skog, Skogn, Norway. A state space model for the TMP refiner
motor power is identified. Some conclusions follows in Section 5.5.

5.2 Preliminary definitions

5.2.1 System definition

Assume that the underlying system can be described by a discrete-time, time
invariant, linear state space model (SSM) of the form

Trr1 = Axp+ Bug + Cey
ye = Dxp+ Eug + e

—~

ot
[N
~— ~—

where the integer k > 0 is discrete-time, x € R™ is the state vector with initial
value xg, y € R™ is the system output, u € R" is the system input, e € R™
is an unknown innovations process of white noise, assumed to be covariance
stationary, with zero mean and covariance matrix E(egel) = A. The constant
matrices in the SSM are of appropriate dimensions. A is the state transition
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matrix, B is the external input matrix, C' is the Kalman gain matrix, D is
the output matrix and E is the direct control input to output (feed-through)
matrix. We will assume that (D, A) is an observable pair.

The innovations model, Equations (5.1) and (5.2), is discussed in e.g. [7],

1.

5.2.2 Problem definition

The problem investigated in this paper is to identify a state space model, in-
cluding the system order (n), for both the deterministic part and the stochastic
part of the system, i.e., the quadruple matrices (A, B, D, F) and the double ma-
trices (C, A), respectively, directly from known system input and output data
vectors (or time series) defined as

=0,...,N—1
0

N1 }Known data

Note that the variables can be linearly dependent as well as independent. In
continuous time systems the matrix £ in Equation (5.2) is usually zero. This
is not the case in discrete time systems due to sampling. However, E¥ can be
forced to be zero by including a structure constraint in the algorithm, [6].

5.3 Description of the method

Given sequences with process input and output raw data. The first step in
a data modeling procedure is usually to analyze the data for trends and time
delays. Trends should preferably be removed from the data and the time series
should be adjusted for time delays. The trend of a time series can often be
estimated as the sample mean which represents some working point. Data pre-
processing is not necessary but it usually increase the accuracy of the estimated
model.

The simplicity of the subspace method [6] will be illustrated in the following.
Assume that the data is adjusted for trends and time delays. Organize the
process output and input data vectors y; and uy as follows

Known data matrix of output variables

v
yi
Y= € R xm (5.3)

T
Yn-1
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Known data matrix of input variables

T
Ug

T
Uy

U=|. € jRN*r (5.4)
UN_1
The problem of identifying a complete (usually) dynamic model for the process
can be illustrated by the following function (similar to a matlab function).

[ A, B,C, D, E, A ] =DSR(Y,U, L) (5.5)

where the sixfold matrices (A, B, C, D, E, A) are the state space model matrices
in Equations 5.1 and 5.2. The algorithm name DSR stands for Deterministic
and Stochastic model Realization and identification, see [3]- [6] for details. L
is a positive integer parameter which should be specified by the user. The
parameter L defines an upper limit for the unknown system order n. The user
must chose the system order by inspection of a plot with Singular Values (SV)
or Principal Angles (PA). The system order n is identified as the number of
“non-zero” SV’s or “non-zero” PA’s. See Figure 5.1 for an illustration of the
order selection.

Singular Values Pricipal angles (CVA)

10° 10°
>
107 1
ES
* >k
107 1
ES
1072 1
ES
x *
*
10_3 L L L 10_2 L L L
1 2 3 4 5 1 2 3 4 5
System order System order

Figure 5.1: Singular Values (SV) and Principal Angles (PA) for dynamic order
selection computed from time series from a PH-control loop in a plate column
scrubber at Union Co., Skien, Norway. We have specified L = 5. A reasonable
choice for the system order is n = 1, since the first SV is large compared to the
other SV’s.

5.4 Modeling the power

The main refiner motor power is believed to be one of the most important refiner
measurements which is available. As an example, the motor power is the most
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important variable in order to estimate the consistency, the specific energy and
the steam which is generated in the refiner. The motor power is an output
from the refining process. The power should be modeled as a function of the
refiner input variables. A combined mechanistic and empirical power model is
discussed in [2]. For a CD refiner we have the following input variables; dosage
screw speed ng; plate gap for the plane zone si; plate gap for the conical zone
so; flow rate of dilution water to the refiner inlet or plane zone ¢, and to the
conical zone qu2. The power model can be formulated as

Y = yY(Ns, qu1, Gu2, 51, 52) (5.6)

where y is the refiner motor power. Another procedure is to identify a model for
the refiner motor power, directly from measured input and output data. This
approach will be discussed in the rest of this section.

5.4.1 Refiner variables and model

The manipulable input variables are defined as follows

u;  Plug screw speed, [rpm]
ueR® =< uy Total flow of dilution water, [%g] (5.7)
us Plate gap, conical zone, [mm]
The linearized power model is assumed to be on innovations form, Equation
5.1 and 5.2. The innovations model can be written as an optimal predictor for
the power output g; given all past process inputs and outputs. The optimal
prediction of the power can be computed from

Tiy1 = Aﬂj‘t + Bu; + C’(yt — Dx; — Eut) (58)
g = Dxi+ Eu (5.9)

where 7, is the optimal prediction of the present output ¥; given all past outputs
(-, yt—2,y¢—1) and the present and all past inputs (..., us—1,u¢). The problem
is to find the model matrices (A, B,C, D, E) and the covariance matrix of the
innovations noise process, A = cov(ezel )

We will also mention that the combined deterministic and stochastic model,
Equations 5.1 and 5.2, can be separated into two parts. One deterministic part
(with output y{) which is driven by the known process input variables u; and
one stochastic part (with output y;) driven by the unknown innovations noise
process ;. The actual output is then y; = yf + y7. See e.g., [2] p. 36.

We will in this work focusing on modeling the 1st stage refiner motor power.
It is often not clear whether a process variable should be defined as an input
or output variable to a model. An example of this is the problem of modeling
the 2nd stage refiner. It is assumed that the 1st stage motor power y; contains
information of the disturbances which affects the 2nd stage refiner. Hence, the
inclusion of the output y; as an additional input to the power model for the
2nd stage refiner is reasonable. We will not elaborate this further.
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5.4.2 Numerical results

The results in this section is based on the time series from Norske Skog, Skogn,
Norway. The following trends (working point, nominal values) are removed
from the time series prior to the numerical analysis.

yo = 17.69 nominal motor power

u(l] = 44.08 nominal plug screw speed

u3 =7.15 nominal sum of dilution water
ug = 0.83 nominal plate gap CD zone

Case 1: Input variables u; and us.
The following MISO 1st stage refiner power model is determined by the use of
the DSR algorithm. The parameter to DSR was L = 1.

1
Tpy1 = Azp+ B [ Z’f } + Ceyp (5.10)
k
’LLI
yr = Dzxp+ FE |: u§ :| + e (5.11)
k

where

A=0.9557 B=/[0.0227 —0.0558 |
D=10  E=/00198 —0.0335 | (5.12)
C =0.4057 A =0.0472

The steady state gain for the deterministic part, Hg(1), and for the stochastic
part, H¢(1), is given by

Hy(1) = DI—-A)'B+E

= [05328 —1.2919 | (5.13)
H,(1) = D(I—-A)"'C+T1=10.14 (5.14)
The signal to nose ratio is given by
d
g/N = W) g 45 (5.15)
cov(y®)

The prediction error
J = cov(y®) = cov(y — y%) = 0.1367 (5.16)
See Figures 5.2 - 5.10 for illustrations.

Case 2: Input variables ui, us and us.
The following MISO refiner power model is determined by the use of the DSR
algorithm. The parameter to DSR is L = 1.

- -

Tpr1 = Axpk+B| u + Cey (5.17)

1
k
yp = Dzp+E | ui | +e (5.18)
3
k
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where

A=0.9539 B=1]0.0236 —0.0526 0.0267 |
D=10  E=/0.0207 —0.1459 0.014 | (5.19)
C =0.4090 A =0.0474

The steady state gain for the deterministic part, Hy(1), and for the stochastic
part, Hg(1), is given by
Hy(1) = DI—-A)"'B+E
= [ 0.5315 —1.2860 —1.9500 ] (5.20)
H(1) = DI—-A)'C+1=987 (5.21)

The signal to nose ratio is given by

d
/N = W) g 4 (5.22)
cou(y)
The prediction error
J = cov(y®) = cov(y — y?) = 0.1354 (5.23)

The results from this model is not plotted. The influence from the plate
gap is approximately zero compared to the influence from the screw speed and
the dilution water. And the model is virtually the same as the model presented
above in Case 1.

5.5 Conclusion

A state space model for a TMP refiner motor power is constructed from time
series. The model have three input variables, plug screw speed, dilution water
and plate gap.
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Actual power: output y
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Figure 5.2: 1 st stage refiner motor power, R27.

Screw speed: input ul
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Figure 5.3: Plug screw speed, u;.
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Dilution water: input u2
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Figure 5.4: Flow of Dilution water, us.

Deterministic part of power model
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Figure 5.5: Deterministic part of the power model output, y.
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Power and deterministic part of power model
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Figure 5.6: Deterministic part of the power model and actual measured power.

Power model
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Figure 5.7: The power model, sum of deterministic part and stochastic part.
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Actual power and power model
T

2 4

1.5 \ H i‘ ,' ‘
!

1

0.5 \

T T Ll

-1

Power

-1.5 b

1000 2000 3000 4000 5000 6000 7000 8000 9000
samples

Figure 5.8: The power model and the actual measured power.

Difference between power and deterministic part of power model
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Figure 5.9: The residual between the actual measured power and the determin-

istic part of the estimated power model, i.e. y* =y — y%.
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Spectral plot of ys and yr
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Figure 5.10: The estimated frequency function of the actual stochastic part of
the power model, i.e. y* =y — y¢, and §°.



Chapter 6

Dynamic Subspace Modeling
(DSR) and Static Multivariate

Analysis and Regression
(PCA,PCR,PLS)

Abstract

It is shown that a solution to the multivariate analysis and regression problem
is a special case of a recently developed subspace method for analysis and iden-
tification of combined deterministic and stochastic dynamical systems. This
method detects system dynamics. A numerically stable solution to the multi-
variate analysis and regression problem is also presented. Keywords: System
identification; subspace methods; dynamic systems; combined deterministic and
stochastic systems; multivariate analysis and regression; PCR; PLS; data anal-
ysis and modeling.

6.1 Introduction

The theory of multivariate analysis and regression is a research field in many
disciplines, e.g. in chemistry and economics. Econometrics and chemometrics
are well established disciplines. A problem in many disciplines, including eco-
nomics and chemistry, is to postulate relationships between variables. It is the
purpose of econometrics to postulate the relationship between economic vari-
ables. In the same way one can state that a purpose of chemometrics is to
postulate relationships between chemical variables. This problem is of great
importance in general.

Solution procedures such as Partial Least Squares (PLS) and Principal Com-
ponent regression (PCR) are effective tools for analysis and regression of pa-
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rameters in systems which is static. I.e. these tools are effective to analyze and
modeling variables that are static related.

On the other side it can be very ineffective to use these methods to ana-
lyze, modeling and identify (input output) relationships between variables in a
dynamical system.

One goal of statistical planning of system experiments is to produce data
which is rich of system information. The system input variables which are
manipulable are perturbed in such a way that some invert-ability requirement
of the manipulable variables is satisfied. However, it is important that all the
parameters in the system is exited (in order to identify them). The system
input and output variables are observed over the experimental period.

Usually all systems are dynamic in nature. In order to use PLS and PCR
methods, to analyze the system input and output behavior, one have to wait for
all the transients to die out in order to e.g. identify the gain from the variables
which are manipulated to the observed variables. All the observations in the
transient period are wasted. The result of this identification procedure usually
gives a wrong conclusion about the gain. The system output is in addition to
the manipulable variables driven by noise. It is known from the identification
theory that the system gain can be identified before the transients in the system
have died out. PLS and PCR methods can not detect dynamics and handle
dynamical systems in a proper way. For such systems, methods which can
detect the dynamics, including the system order are prefered.

A so called subspace method for identification of combined deterministic
and stochastic systems directly from the data is presented in Di Ruscio (1994),
Di Ruscio (1994a) and Di Ruscio (1995). The starting point for this method is
to allow a more general model structure for the system in which the standard
static multivariate analysis and regression problem is a special case.

A fundamental property of this method is that the system dynamics (system
order) are identified from the data. If the system order is identified to be zero
then a typical static regression problem results, in which PLS or PCR techniques
can be applied. The system order is not the same as the number of principal
components in PCR and number of factors (components) in PLS. The number
of principal components and PLS factors are measures of the effective rank of a
sequence of input (or output) variable observations. It is more or less the same
as what is called persistently exiting analysis of the input signal in classical
identification theory.

Section 6.2 gives a system description of both the static and the dynamic
modeling problem and how the data is ordered into certain data matrices for
which informations about the underlying system can be retrieved.

Section 6.4 gives a review of the solution to the more general dynamic
system analysis and modeling problem. The first step is to compress the data
down to the square root of some covariance matrices. The next step is to
identify the system dynamics (system order). If the system order is detected
or specified to be zero then, the covariance matrices for the static problem are
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directly extracted. This method gives a numerically stable way of identifying
the system order and the matrices in a so called combined deterministic and
stochastic dynamic model.

The static analysis and regression modeling problem will be discussed in
Section 6.5. In Lindgren, Geladi and Wold (1993) a covariance based PLS
method is presented. The first step in this method is to compute the covariance
matrices which is an ill-conditioned step. The next step is then to use a modified
PLS method which works on the covariance matrices.

Another solution to this special static analysis and modeling problem will be
presented in this paper. This includes a numerically stable method to compress
the data down to the square root of the covariance matrices, without explicitly
forming the covariance matrices. In the next step, the standard PLS, SVD or
PCR methods can be used.

6.2 System description and data organization

We will in this section give a system description. A system description is impor-
tant because it is the fundament of the method to be presented. A poor system
description usually results in limitations of any method and algorithm. We will
in Section 6.2.1 give a description of the more general combined deterministic
and stochastic system. Section 6.2.1 gives a description of the less general static
system which is the fundament for the traditional analysis and regression tools
as PCA, PCR and PLS. The latter is a special case of the system description
in Section 6.2.2.

6.2.1 Combined deterministic and stochastic description

Assume that the underlying system can be described by a discrete-time, time
invariant, linear state space model of the form

Tr+1 = Axp+ Bug+ Cey (6.1)
Yy = Dxp+ FEug + ep

where k£ > 0 is discrete-time, i.e. an integer, x € R" is the state vector with
initial value zg, y € R™ is the system output, v € R" is the system input, e € &™
is an unknown innovations process of white noise, assumed to be covariance
stationary, with zero mean and covariance matrix E(eke;‘g) = A. A, B, C,
D and F are constant matrices of appropriate dimensions, where (D, A) is an
observable pair.

A solution to the identification problem of constructing a state space model,
including the system order (n), for both the deterministic part and the stochas-
tic part of the system i.e. the quadruple (A, B, D, E) and the double (C,A),
respectively, directly from known input and output time series ug and yy.
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Given the system output and input time series, ypVk = 0,..., N — 1 and
upVk =0,..., N — 1, respectively. The state space model, Equations (6.1) and
(6.2), can generally be written as

Yk+1 = AYk + BUk + CEk (6.3)
where
Yk Ye+1  Yk+2 o Yk K1
Yk+1 Yk+2  Yk+3 Ykt K
Vi = | . . . o e REMXE (6.4)
L Ye+L—1 Yk+L Yk+L+1 ~°° Yk+L+K-2
Uk Uk+1 Uk+2 o Uk K1
Uk41 Uk+2 Uk4-3 ot Uk K
Up = | z : R SR (R
Uk+L—-1 Uk+L Uk+L+1 *° Uk+L+K—-2
| Uk+L Uk+L+1 Uk+L+2 °° Uk+L+K-1 |
€k €k+1 €k+2 T Gkt K—1
€k+1 Ck+2 €k+3 Tt Gt K
By = | : : R e RUEFDmxIg 6)
€k+L—1 €k+L €k+L+1 ° CR+L+K—-2
L €k+L €k+L+1 Ck+L+2 *°° Ck+L+K-1 ]

The number of columns in Y, U and Ey are K = N—L—k+1. Each column in
these matrices can be interpreted as extended output, input and noise vectors,
respectively. K can be viewed as the number of samples in these extended time
series. We also have that L < K < N. L is a user specified parameter which
is the number of block rows in the extended observability matrix which will be
determined.

6.2.2 Purely static description

A model suitable for PLS and PCR problems can be written as the following
linear steady state equation.

yi =ui B +ef (6.7)

where y; € R™ is a vector of known output variables at observation number t.
u; € R" is a vector of known input variables and e; € ™ is a vector of unknown
white noise variables, assumed to be covariance stationary, with zero mean and
covariance matrix E(ese] ) = A.

Assume a number of N observations, i.e. t = 1,...,N. The N equations
can then be formed into the following matrix equation with notations which is
common in multivariate regression theory.

Y =XB+E (6.8)
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where Y € RV*™ is a known matrix of observations. The vector yf is also
called a vector of responses at observation number t. X € RV*" is a known
matrix of input variables. Each row in X (i.e. u!) is also called a vector
of predictor variables at observation number ¢. The matrix B € R"*™ is the

matrix of unknown parameters (also called regression coefficients).

Both data matrices Y and X can be corrupted with (measurements) noise.
The principal components, detected as a first step in the PCR method, are the
number of linearly independent columns in the data matrix X. This possibly
rank deficiency problem can e.g. be detected as the number of “non-zero”
singular values which results from the Singular Value Decomposition (SVD) of
the covariance matrix estimate %X Tx.

The (principal) components in the PLS method are computed by taking
advantage of both Y and X variables.
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6.3 Dependent input or output data

We will in this section illustrate how a sequence of dependent output (or input)
variables can be projected to a sequence of dependent variables.

Assume that a sequence of possibly dependent input and (or) output vari-
ables are known

u, € R°

o N
V. € R N } known dependent data

2
(2,

We will illustrate the analysis only for the output variables because the anal-
ysis for the input variables ar similar. Define the data-matrices of possibly
dependent output variables as follows

The effective rank of this data matrix can be analyzed by the SVD.

+ Sy 0 T
y_[»-&l\ U2H0 SQ][Vl Va | (6.10)

The number m independent output variables are determined by inspection of
the non-zero or large singular values. A data matrix of dependent output vari-
ables can then be determined as

Y=|. =St (6.11)

A sequence of dependent outputs (and inputs) can then be written as

JXI } known independent data

I
—
J[\D
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6.4 The combined deterministic and stochastic prob-
lem

6.4.1 Data compression

Define the following QR decomposition

U Ri1 O 0 0 Q1
1 - 1 W- R R 0 0
TR |7 R me ke o || G| =F@ 612
Y Ry Ry Riz Ry Q4
where
R c %(T(L+l)+ni+2mL)><(r(L+1)+ni+2mL) (6.13)
Q € R nitamL)xK (6.14)

The matrix W7 is a matrix of instrumental variables which are uncorrelated
with the noise variables in Ej, and sufficiently correlated with the informative
part of the data.

_ | Y
ES o1
We can now remove the noise matrix Fy, from Equation (6.3) by post multiply-
ing with %W{. We have from (6.12) that

I B | RY
dm B = G em (o D[ |=0 @

Post multiplying Equation (6.3) with [QT @17, using (6.16) and substituting for
the corresponding R;; sub-matrices from (6.12) gives

Ry = ARs (6.17)
Riu = ARsi + BRy (6.18)

The system order n and the system quadruple (A, B, D, E) are computed from
(6.18).

The stochastic part of the system, defined by the matrices C' and A, is
computed from

Ryz — AR3; = CELQY (6.19)
Ry = CE.QY (6.20)

6.4.2 Identification of system dynamics

Identification of dynamics by principal component analysis

Algorithm 6.4.1 (System order, n, and the pair (D, A))
Given the matrices R4o and R3o which satisfy

Rys = ARs» (6.21)
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where
A=o0A00T0)to" (6.22)

and O is the extended observability matrix for the pair (A, D).
1. The system order n
Determine the SVD

R3s =USVT (6.23)

where

Sp 0

U=[U1 U] egmbxmt S:[O 0

} e Rl V=V Vo] eR"6.24)
where S, € R"*"™ and n is the number of non-zero singular values of R3o, which

is equal to the system order. n is determined by inspection of the non-zero

diagonal elements of S or SST. If the system order is detected or specified to

zero, then we have a static modeling problem, and the rest of this algorithm is

skipped.

2. The extended observability matrix O for the pair (D, A).

The (extended) observability matrix can be taken directly as the first left part

in U, i.e. U;. We have

O=U(1:Lm,1:n) (6.25)

3. The system matrix A
The system matrix A can be determined as

-1
A=0TZ,.,V [ gn ] =Ul 7z, .S 1 (6.26)
4. The system output matrix D
The matrix D can be taken as the m x n upper sub-matrix in the observability
matrix O, i.e.

D=U(1:m,1:n) (6.27)
5. The extended system matrix A
We have
A=0A0T0) 10T = RpV SO = RpViS; UL (6.28)
A

System order from PLS factor analysis

Algorithm 6.4.2 (System order, n, and the pair (D, A))
Given the matrices R4o and R3o which satisfy

Rys = ARs3y (6.29)
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where
A=0AT0)"t0T (6.30)

and O is the extended observability matrix for the pair (A4, D).

1. The system order n

Determine the PLS weight matrices W and C', the loading matrix P and the
“score” matrix T which satisfy

Rsy = PTT (6.31)
Ry = C17 (6.32)

TTT is a diagonal matrix. We have W1 R3a REW = WTPTTTPTW . Hence,
the singular values of R3p is the square root of the eigenvalues of PTTTPT.
However, the zero eigenvalues should be reflected in the diagonal matrix 77T
The system order (n) is the number of non-zero singular values of R3s. n
is determined by inspection of the non-zero singular values of Ry or the the
number of non-zero diagonal elements in T7T. If the system order is detected
or specified to zero, then we have a static modeling problem, and the rest of
this algorithm is skipped.

Extract the following sub-matrices according to the specified order

W=W(_1:n) eR™>" C=C(:1:n) e R™>" P=P(;,1:n) € R"6.33)

Only the matrices W, P and C' are needed in the rest of the algorithm.
2. The extended observability matrix O for the pair (D, A).
The (extended) observability matrix can be taken directly as,

O=W(1:Lm,1:n) (6.34)

3. The system matrix A
The system matrix A can be determined as

A=wTowTp)y"t =0oTcoTp)™! (6.35)

4. The system output matrix D
The matrix D can be taken as the m x n upper sub-matrix in the observability
matrix O, i.e.

D=W({1:m,1:n) (6.36)

5. The extended system matrix A
We have

A=wAwT = 0407 (6.37)
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Note that the weight matrix W is not really necessary. We can use

O =P (6.38)
A = (PTP)'PTC (6.39)

because C = PA when O = P.

Further research
The effect of taken the system matrix as A = C(1 : n,1 : n)P(1 : n,1 :
n)~! should be investigated, because, in this case, A is represented in a special
canonical form, e.g. with certain zeros and ones in addition to the necessary
number of parameters as elements in the matrix.

6.5 The static problem

The solution to the multivariate analysis and regression problem which will be
presented in this section follows as a special case of the solution to the more
general combined deterministic and stochastic dynamic problem which will be
reviewed in Section 6.4.

The solution presented in this section should be of interest because it only
works on the square root of the covariance matrices involved, e.g. the square
root of %Y X]T[Y X] and thereby can be defined as numerically stable.

6.5.1 Data compression

The row dimension (number of observations) of Y and X is often much larger
then the column sizes (number of variables). These large data matrices can be
compressed into some much smaller matrices which contains the information
of the system. Note that the procedure of directly forming the covariance
matrix +[YX]T[YX] is ill-conditioned due to rounding-off errors (usually in
situations when N is large). We will in this section compress the data, down
to the square root of the covariance matrix. (without explicitly forming the
covariance matrix).

Define the following standard QR decomposition

1 - 1 [ xT Ri1 O ] |:Q1 }
VN \/N[YT} [Rm Raz | | @ ¢ (640
where
Ry € XY Ry € T Ryy € Jrmxm (6.41)
R e Rlrrmx(rim) - g Rlrm)xN (6.42)

The solution to the total multivariate problem is given by the triangular factors
R11, Ro1 and Rao, only. The orthogonal matrix @) is not needed. This will
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reduce the computational effort and storage considerably, especially when the
number of observations N is large compared to the number of variables.

We have directly the following equation for the regression coefficients
Roy =BTRy; (6.43)

In order to solve this equation for B, standard PLS or PCR methods can be
applied.

6.5.2 The residual

The lower triangular matrix Roo is the square root of the residual covariance
matrix. The covariance estimate of the noise (or residuals) is given by

L1
A= NETE = Ry R, (6.44)

6.5.3 Effective rank analysis
The principal components

The lower triangular matrix Ri; is the square root of the covariance matrix
%X TX. The singular values of Ry is equal to the square root of the eigen-
values of %X TX. Hence, the principal component analysis can be made by
a singular value decomposition of Ry;. The number of principal components
is the number of “non-zero” singular values of Rj;. The “non-zero” singular
values are determined by inspection. We have

Ru=USVT = [ 1) UQ][B% ?%le v, " (6.45)

The number of principal components a, is equal to the row size of S, € R**¢.
So contains the zero singular values or singular values which are put to zero on
the diagonal. Hence

Ry = US, V' (6.46)
PLS factors
From an iterative procedure (e.g. by the Power method for computing eigen-

values and eigenvectors) the PLS method compute the weight matrices W and
C and the loading matrix P, and decomposes X and Y into

R, = TPT (6.47)
RY = 1CT (6.48)

It is possible to determine r factors from the PLS algorithm corresponding to
the columns in W. The first factor and the first column in W is the maximum
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eigenvalue and eigenvector of the covariance matrix %X TyyT X, respectively.
The effective rank index (a) is bounded by 1 < a < r. One idea is to estimate
the rank index as the number of “non-zero” PLS factors followed by cross
validation. The “non-zero” factors are estimated by inspection.

6.5.4 Regression

The principal component regression

B = Ry (RLRi)'RE (6.49)
B = (R}) 'R} (6.50)

If the number of principal components is less than r, then, we are using the
pseudo-inverse in the expressions for the regression matrix, i.e. we do not invert
zero or almost zero singular values. Hence

BT = RyyiS; UL (6.51)

PLS regression

The PLS regression is of the form
B =W (PTw)tcT (6.52)

where the matrices W € R P € R C € R™*% results from the PLS
algorithm. Note that WTW = I.

6.6 Concluding remarks

A method for analyzing and modeling input and output relationships between
variables in possibly dynamical systems is presented. This method is viewed
against methods such as PCR and PLS which are frequently used for modeling
and analysis of static relationships between variables.
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Chapter 7

On Subspace Identification of
the Extended Observability
Matrix

7.1 Introduction

The lower Left Q-orthogonal (LQ) (or the Q-orthogonal, upper Right (QR))
decomposition is used in order to compute certain projection matrices in the
Subspace IDentification (SID) algorithms by Verhagen (1994), Van Overschee
and De Moor (1994) and Di Ruscio (1995), (1997). In this paper the Partial
Least Squares (PLS) method, Wold (1966), is used to compute the projection
matrices. The PLS method is a simple alternative.

7.2 Definitions

7.2.1 Notation

The projection of (the row space of ) a matrix A onto (the row space of) another
matrix B is denoted A/B and defined as

A/BY ABT(BBT)'B, (7.1)
where t denotes the Moore-Penrose pseudo-inverse. Also define
pt ¥ BT(BBT)'B (7.2)

so that BB+ = 0. The projection of the row space of A onto the orthogonal
complement of the row space of B is then AB'. Hence A is decomposed into
two terms as

A= A/B+ AB*, (7.3)

where the two matrix terms A/B and AB* are orthogonal to each other.
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7.3 Relationship between past and future data ma-
trices

Theorem 7.3.1 (relationship between past and future data matrices)

Define Yy 5, Uy and Eqg|; as the past output, the past input and the past noise
data matrices, respectively. Similarly, define Yy 1, Usp41 and Ejry1 as the
future output, the future input and the future noise data matrices, respectively.

Then we have the following relationship between the past and the future data

matrices
] . _ UJir+1 Ejp+1
Yyppm=[ Hi Pl Al ]| Uy + [ Hia Pl | [ Eoyy }(7 4
Yo
where
Al = OL+1AJOT1
P, = Opa(CY— A0V HY) (7.6)
Piyy = Op(Cy—ATONH)
Proof:

See Appendix 7.10.1.

7.4 The observability matrix

One important result concerning the estimation of the extended observability
matrix is presented in Theorem 4.2, Equation (52), in the paper by Di Ruscio
(1996). The theorem with a new proof is presented in the following.

Theorem 7.4.1 (Realization of the extended observability matrix Or1)

Define the following matrix from the known data

et Ui+ .
Zyr+1 = Yo/ | Uos Wiint1s (7.8)
Yo
ZjL+1 18 related to the extended observability matriz as
Zyr41 = Or+1X7 (7.9)
where
Yors
a def Jot  d JOt rrd JOt Yo L
x5 | 4’0l cd-aloimg ¢ - A0 | Upia | | Ugjpd7-10)
Eo1/ | U
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The column space of the matriz Z 1 coincides with the column space of the
extended observability matrix Or1 and the system order n of the SSM is given
as the dimension of the column space.

A
Proof:

See Appendix 7.10.2 and 7.10.3 for the proof of the relationship, Equations
(7.8), (7.9) and (7.10).

We will in the following give a brief discussion of rank(Zj.41). X§ €
R™X s defined in (7.10). From (7.8) we have that Z; 41 = Op41X5. The
superscript a stands for autonomous. X can be interpreted as a state sequence
of an autonomeous system. The matrix Z;r is proportional to the extended
observability matrix Op1. The rank of Z; 1, is equal to the rank of O
(i-e., rank(Z;z41) = n) if rank(X§) = n and the pair (A, D) is observable.
This result follows from Sylvesters inequality. We have

rank(Op41) + rank(XG) —n < rank(Or4+1X5) < min{rank(Ory1), rank(X9)}
which gives
rank(X7) < rank(Z;p41) < min{n, rank(X7)}

Hence, the question is whether X9 lose rank below n.

We will in the following discuss some alternative formulations of X9. We
have from (7.10) that

i UJ\L+1 ]
Yo, — HYUoy — H5Eq s/ | Uojs
Yo
xg=[ 4’0} ¢4 o] Uois U, {7-11)
Ui+
Eo.i/ | Uos
L Yois i
By using Equation (7.33), this can be written as
Uj+1 -
Xo+OVHS By | Ugps
Yors
X5=147 ¢4 C35 ] Uols Uﬁm (7.12)
UjiL+1
Eo 7/ | Uops
I Yois 1
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An alternative description is found by using Equations (7.36) and (7.68)

Xf} = [ AJ ijl Cff :| U0|J UJL|L+1 (713)

This expression relates X to the reversed extended controllability matrices C’f}
and C for the pairs (A4, B) and (4, C), respectively.

At this stage our statement is that rank(X$) = n if:
e the pair (A, [B, C]) is controllable,

e the states X is sufficiently correlated with the instruments (past inputs
and outputs) Up; and Yy,

e the input is persistent exiting of a sufficient high order,

e the past noise Ej; is sufficiently correlated with the instruments (past
data) Up|; and Y.

We have the following special case results.

Lemma 7.4.1 Assume J — oo, K — oo, J(m+7r) < Lm and that A is stable.

Then
UjiLs1
Zy+1= Y41/ | Uop )UﬁLH =
Yo7
U\
U
d s J|L+1 1
OL+1 [ ¢r ¢ } E0|J/ Uo\s UJ|L+1
Yo,
(7.14)
and
rank(Zjr41) = n (7.15)
if and only if the pair A,[BC] is controllable.
A
Still another description is found by using (7.34)
1
o UjiLs1 |
Xj=(Xs+(A°0;H; = C))Ey; | Ugs WLt (7.16)

Yo
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From (7.16) we have that X§ = XJUj_‘L+1 when the system is deterministic.
Hence, for a deterministic system rank(X9) = n if the inputs are persistently
exiting of a sufficiently high order.

A simple formulation can be found by using (7.33) and (7.67)

Ujin41 |
X5=X,;/ UO\J U]|L+1 (7.17)

Yoy

Using the definition of the projection A/B, and providing the inverse exist, and
define the matrix of instruments as

Uols ]
W, = 7.18
= (713)
then we have

X§ = XU W WU W) ™' WiUs (7.19)

The covariance can then be written as

1

a a 1
K — X§XHT = ——

K — 1XJUj]LHWlT(WIUj]LHWlT)ilWIUj]LHX?; (7.20)

For purely deterministic systems or for systems with a large signal to noise
ratio we have

1 T 1 1 T
150X = 7 XU X (7.21)

which is positive definite. The inputs has (partly) generated the states. The
states is therefore sufficiently correlated with the inputs.

Note also that Equation (7.8) can be expressed as follows

def U
Zarer = (Yyoe/ [ W{JLH :|)Uj_L+1

- 1
= YJ\L-l—lUj_|L+1W1T(W1Uj_\L+1W1T) 1W1UJ|L+1
= (Y211Usip)/(Wilzipsa) (7.22)
when UJ|L+1U:}F‘LH and WlUj]LHWlT are non-singular matrices.

Proof:

See Appendix 7.10.4.
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7.5 Standard deviation of the estimates

The subspace methods DSR, CVA and MOESP are shown to compute con-
sistent (pole) estimates. However, in some circumstances the estimates shows
a larger variability (standard deviation) than the estimates from PEM. This
problem is addressed in this section.

N4SID (Van Overschee and De Moor (1995)) works in general only for
white noise inputs. It is shown in Di Ruscio (1996a) that an extra projection
is needed in order for the N4SID algorithm to give consistent estimates in the
case of colored inputs. A robustified algorithm is presented in Van Overschee
(1995). However, as we understand it, the ROBUST algorithm estimate the
poles similarly as the MOESP algorithm.

In the case of rich exiting input signals, e.g. such as many real world inputs
and of course white noise inputs etc., the subspace methods DSR, CVA and
MOESP computes pole estimates which is comparable with those from PEM,
both with respect to bias and variance.

For poorly exciting input signals the variance of the subspace pole estimates
is often larger than the variance of the PEM pole estimates. See e.g. Viberg
(1995).

It is therefore important to clarify the reason for the sensitivity of the esti-
mates from subspace methods in the case of poorly exciting input signals. The
question of how we can influence upon and reduce the variance of the subspace
parameter estimates is important.

In order to improve the estimates in case of poorly exiting input signals we

suggest to investigate the following ideas.

1. PCR, PLS or some other form of regularization for computing the pro-
jections and pseudo-inverse matrices.

2. Using regularization when computing the pseudo-inverse matrices.

3. Scaling

We will in the next section show how the Partial Least Squares (PLS) method
can be used to compute the projection matrices.

7.6 PLS for computing the projections

The LQ decomposition is used in the SID algorithms by Verhagen (1994), Van
Overschee and De Moor (1994) and Di Ruscio (1995), (1997).

In the following a new method for computing the projection matrices which
is based on the Partial Least Squares (PLS) method is presented. Based on
numerical examples, we have found that this method may reduce the variability
of the pole estimates in case of poorly exciting input signals. The reason for this
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is that the projection matrices are computed without computing the pseudo-
inverse of badly conditioned matrices. This results is to our knowledge new.

For simplicity in the following, define
Y= | Uy e RPXE (7.23)

where the number of rows in Y are p = (L 4+ 14 J)r + Jm.

A 1st PLS decomposition is computed as follows. The arguments to the PLS
algorithm are the data matrix of future outputs Y71, and the data matrix with

past inputs and outputs and future inputs Y. The PLS algorithm is iterative.
The number of iterations is equal to the number of components a; which is
bounded by 1 < a; < p. Normally, a; can be chosen as the effective rank of
Y. The problem of choosing the number of components should be discussed in
some details.

We have the following decompositions

Y = PT+G (7.24)
Yy = CT+F (7.25)
where T € R“*K is an orthonormal matrix, i.e., TTT = I,,, P € RP*% is a

loading matrix for Y, C' € READmXa1 ig 3 Joading matrix for Yy G€ RP*K
and F € READMXK are residual matrices.

It can be shown that the projection of the row space of Y111 onto the row
space of Y is equal to

d def >
2941 = Yo /Y =CT (7.26)
We now have to remove the effect of future outputs from Zgl 41 1n order to

recover the extended observability matrix of the system. From (7.24) we have
that

UJ|L+1 = PlT + G1 (727)

where P; € READTX jg equal to the first (L + 1)r rows in matrix P, similarly
G € RUAD™E 5 equal to the first (L + 1)r rows in the residual matrix G.

The projection of the row space of matrix Zf}l 1+1 onto the orthogonal com-
plement of the row space of Uy, can then be computed as

def

Zypn = 250 Usipy = C — CPL(PLP))TP (7.28)

However, in case of a badly conditioned matrix P1P1T a second PLS can be
computed with matrices C' and P; as arguments. We have the following decom-
positions
P = BPTy+ Gy (729)
C = Iy + Iy (7.30)
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where Tp € R%*% jg orthonormal. P, € R(ETDXa2 jg g Joading matrix for
Py, Oy € REH)mxa2 g g Joading matrix for C. Gy € READT¥a1 and Fy
R(E+DmXa1 are residual matrices. From this we have the alternative to (7.28)

def

Zypn < 2504 Ugjpy = C — CoTy . (7.31)

The number of components as used to compute the 2nd PLS decomposition
should be bounded by 1 < as < a;.

Usually one can put a; = rank(f/) for the 1st PLS decomposition and
ay = rank(P;) for the 2nd PLS decomposition. In practical situations it may
be difficult to compute the (effective) rank.

One should note that the effect of choosing a; and ay smaller than the
ranks of Y and U J|L+1, respectively, may be that the variance of the estimates
is reduced. However, a bias may be included in the estimates. The problem of
choosing aq and a9 is in general a trade off between bias and variance. This is
a form of regularization.

Monte Carlo simulations shows that the estimates when choosing a; = p and
a; = rank(Y), i.e., choosing the number of components in the 1st PLS equal to
the row size of Y or equal to the rank, and using (7.28) gives approximately the
same results as using the LQ decomposition for computing the same projections.
This will be illustrated in the next section. The effect of choosing a; < rank(f/)
is that a bias in general is introduced in the estimates, however, the variance
may be reduced.

7.7 Numerical example

The results from a Monte Carlo simulation of a MIMO system are illustrated
in Figure (7.1). The number of components was chosen as a; = rank(Y’) in
the PLS decomposition used to compute the matrix Zj ;1. The number of

samples was N = 5000. The input signal was chosen as

(sin(g) + sin(%) + sin(%t))/ﬁ

(sin(55) + sin(;) + sin(L) + sin(t)) ks (7.32)

Uy =

where k1 and ko are positive scalar parameters. Our experience is that in case
of porely exiting input signals the parameter L in the DSR algorithm (which
is the number of block rows in the extended observability matrix and which
can be interpreted as the horizon used to predict the number of states) should
be chosen as small as possible in order to reduce the variance of the estimates.
For the DSR method we have the condition n < Lm. For this example n = 3
and m = 2. Hence, the smallest possible parameter is L = 2. The results from
the DSR methods obtained from using both the LQ and PLS approaches are
illustrated in Figure 7.1.

The results from the ROBUST method by Van Overschee (1995) is also
presented in Figure 7.1. The parameter for the number of block rows in this
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method is I. The smallest possible parameter was found to be I = 3 which was
used in the simulations.

The results from the prediction error method PEM, Ljung (1991), are also
presented in Figure 7.1.

This example shows a larger variability in the complex pole estimates from
ROBUST than the corresponding pole estimates from DSR. The estimates
from DSR is close to the estimates from PEM. An open question is: can the
variance of the pole estimates from the SID algorithms be further reduced 7

DSR_Iq ROBUST
0.5 0.5
0.4 # 0.4
0.3 0.3
0.2 0.2
0.1 0.1
(o] - (o] -
0.6 0.7 0.8 0.6 0.7 0.8
DSR_pls PEM
0.5 0.5
0.4 # 0.4
0.3 0.3
£
0.2 0.2
0.1 0.1
Q - o &
0.6 0.7 0.8 0.6 0.7 0.8
Re

Figure 7.1: Pole estimates of a system with two inputs, two outputs and three
states. DSR parameters L. = J = 2 for both the LQ and PLS method for com-
puting the projection matrices. ROBUST parameter I = 3. PEM stands for
the prediction error method in the System Identification Toolbox for MATLAB.

7.8 Conclusion

It is shown that the partial least squares method is an alternative to the stan-
dard LQ decomposition for computing the range space of the extended observ-
ability matrix.
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7.10 Appendix: proofs

7.10.1 Proof of Equation (7.4)
We have
Y1 = Ov1 Xy + HE (\Ugjpir + Hi 1 By (7.33)

The relationship between the “future” sequence of states, X ;, and the “past”
sequence of states, X, is given by

Xy = AT Xo+ ClUp s + C5Ey (7.34)
Substituting Equation (7.34) into equation (7.33) in order to eliminate X ; gives
Yjip1 = Op1(A7Xo + CGUy s + C5Eo ) + Hi \Uygjpa + Hi 1 Ejy17.35)
An expression for the sequence of past states, Xg, is determined from
Yors = 05 X0+ HfUp s + H5Ey) (7.36)
Equation (7.36) gives
Xo = O} (Yors — HjUsjy — HEoyp) (7.37)

Substituting Equation (7.37) into Equation (7.35) in order to eliminate X gives

Yjps = OrnA’ON(Yo, — HiUgy — H5Eqy) + O1CqUy s + Or1C5Eg
+ HE \Ujp + Hi g Egjp (7.38)

which can be written as

Yipn = OppA?ONY  + (0041C% — O ATOLHY Uy
+ (004105 — Op1 A’ OV H3) By
+ HE \Ujspp + Hi 1 Egjp (7.39)

which is identical to Equation (7.4), Theorem 7.3.1. QED.
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7.10.2 Proof I of Equation (7.10)

Projection I: (remove effect of future noise, ;1)
From Equation (7.4) we have

Ujjn+1 . Ujirt1
Y41/ | Uops =[H{,, Pl Al ]| U
Yo Yo/
Ujins1
+Pf+1E0\J/ Uols + dEy (7.40)
Yo
where
ot UjiL+1
dEy = H} 1 Ejpa/ | Uop (7.41)
Yois
and
Ujt1
A dEy = Hi+1(l<lgﬂoo Ejp1/ gou ) = 014 1ymx K (7.42)
ol

Ujiny1
Y1/ | Uos =
olJ
Uols
Yos
[ Pg—i-l Ai—‘rl Pi+1 ] UJ|L+1 + Hg+1UJ|L+1 + dE(743)
Eorz/ | Uols
Yo

Ujin+1
(Yy41/ | Uos )UﬁLH =
Yo7
[ Uols
5 Yol
[ Pil+1 A Piy ] UjiL+1 Uj_|L+1 +dE;  (7.44)
Eo15/ | Uols
| Yoy
where
dE> € dEUS, (7.45)

Equation (7.44) is equal to Equation (7.10) in Theorem 7.4.1. Note that
th—)oo dE2 = O(L—l—l)me- QED
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7.10.3 Proof II of Equation (7.10)

From Theorem 7.3.1, Equation (7.4) we have

UJ\L+1
Yippi=[ HE Py Al ]| Uoy + Ppi1Eo g + Hi (1B 04(7.46)
Yo

The terms defined by the future inputs and future noise, Hg U411 and
Hj  1Ejjr+1, respectively, does not have the same column space as the ex-
tended observability matrix. These terms has to be removed. We have

L L
Ujiz+1 Ujsr+1
YJ‘L-{-l U0|J - Pi+1E0|J U0|J = Hz-i-lEJ‘L-i-l + dEl (747)
Yo7 Yo

We have assumed that the noise is zero mean and white. Future noise is there-
fore uncorrelated with past noise and past and future inputs. Hence we have

limg o0 dE1 = 0(141)mx kK-
Substituting (7.47) into (7.46) in order to eliminate the term Hj} Ej 11y
gives

Ujnt1
Yyri1/ | Uos =
Yoz
Uols
) Yo
[ Pg+1 Ai-s—l PIf-H ] UJ|L+1 + Hz+1UJ|L+1 + dEA(7.48)
Eo.i/ | Uols
Yois
Post-multiplying with U JL‘ 41 8ives
ot Ujin+1 | .
Zyr1 = Yyre1/ | Uos Ujips1 = Or+1Xa +dEAUyjp .y (7.49)
Yo
where
Yoz
def t UO‘J L
X, = | A700 ¢d-AT0VHY C5— ATONHS Ut | | Usjsa
Eorz/ | Uols
Yo

Hence, Z ;111 has the same column space as the extended observability matrix.
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7.10.4 Proof of Equation (7.22)

For simplicity define

UjiL+1
Y Uy, - [ g}"”l ] (7.50)
1
Yo
Theorem 7.4.1, Equation (7.10), yields
ZjLy = (YJ|L+1/}>>Uj_|L+1 = YJ\L—i—lYT(}})}T)_lYUj_\LJrl (7.51)
Notice that
~ U O(L+1)rxi
YU = | ]UL = [ (Ll 7.52
J|L+1 [ W, J|L+1 WlU}\LH (7.52)

The inverse can be written

—1
TN —1 UJ\L+1U}]L+1 UJ|L+1W1T def I11 112
(YY*") = T T = -1 (7.53)
WlUJ|LJr1 WiWj I A
For simplicity define Uy = Ur41. We have
Ly = —(UU)'Uuwia (7.54)

A = WW] - wUiuuf)Ttuwl = waugwi (7.55)

where we have used index f for future. A is the Schur complement of U fU;zF.
See e.g. Kailath (1980). We now have

Iy I 0
B T T 11 112 (L+1)rx K
Zyw = [ YpUp VWi ] [ Iy A7 ] [ WlUJL\LH ]

I
= [y Uf YW ] [ Al%l ] WlUJﬁL+1

= (WA + YU L) WUy,
= (Y =Y UF(UU) T UpW AT WU,
= YUj W AT WUy (7.56)
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7.10.5 Including constraints: regularization

From Equation 7.4 we have

MYYT +A)+ P EYT + H JEYT — MA  (7.57)

and
YiYT(WYT + M) = M+ P EYT (VYT + A 4 (H L EfYT — MA)Y(YYT + A)T7.58)
and
ViYI(YYT + A)7YY = MY + Py E,YT (YYD + A)7YY +dE;  (7.59)
where
dEy = (H  EyYT — MA)(YYT +A)71Y (7.60)

Rearranging Equation (7.59) gives

ViYT(YyT + A)~Y

Uo|s
[ Pl Al Pio ]| Yoo |+ HYL\Up + dH61)
Eg, YT(YYT + A)7'Y
and finally
YiYT(YYT + A~ YU =
3 Uos
[Pl Al P ]| You oo | UF +dEy (1.62)
Eg, YI(YYT + A7y
where
Up = I-Uf(UsUJ +Ay)7'Uy (7.63)
dE; = dElUfl + error term (7.64)

A non-zero matrix A will in general include a bias in the estimates and also
affect the variance. Consider the following block-diagonal matrix

Ay 00
A=]0 Axp 0 (7.65)
0 0 As

The term M A in the error equation 7.60 is then
MA = H¢ A1+ Py Ags + A L Ass (7.66)

Notice that A11 = O(z41)rx(141)r gives consistent estimates.
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7.10.6 Some useful results

Lemma 7.10.1 The following equality is true

Us/ [ Us ] = Uy (7.67)

Uy [ Us r =0 (7.68)

Proof of Lemma 7.10.1:

From the definition of A/B, Equation (7.1), we have

—1
U v owr | UsUF UsWi U
Uf/ |: W/Jfl :| = Uf [ Uf Wl } |: WIU{’{ W1W1T V[/fl (7'69)

The inverse of a partitioned matrix is (Kailath (1980))
[ UgUf - UpWi ]1 _
WlUfT wwi N
[ (UfU]:cF)_1 + (UfU}F)_lUfW1TA_1W1UfT(UfoT)_1 —(UfU}F)_ Upwi At }
—A’1W1UfT(UfUJT)’1 AL
(7.70)

where A is the Schur complement of U fU;;F. See A.22. Using the expression for
the inverse, Equation (7.70), then we have that

v ol upwl !
T T f i _
Substituting (7.71) into (7.67) gives
Up | _ Up | _
Uf/[Wl}_[I 0][WI]_Uf (7.72)
and Lemma 7.10.1 is proved. QED.
Proof of Lemma 7.10.2:
From the definition of AB+, Equation (7.2), we have
1
Up | _ Up | _
Uf[Wl} =Uy Uf/[Wl]—O (7.73)

where we have used Lemma 7.10.1 with proof. QED.
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7.10.7 Proof III of Equation (7.10)

The ESSM constructed from future data is

Yy =AYy + BrUs i1 + CLEs (7.74)
Using Lemma 7.10.1 we get
Zf]l+1|L = ALZ§|L + BrUy g1 + CrLdE 114 (7.75)
where
L Ujin+1
ZJ+1|L = YJ—H\L/ UO\J (7'76)
0l
ot Ujip+
25, = Yo/ | Uos (7.77)
Yois
def s
dEji+1 = Enr+1/ | Uos (7.78)
Yo

Due to assumptions (ergodic noise process) the error term dEj 4, tends to
zero w.p.1 as the number of columns K tends to infinity.

Hence,

(A4, B,D,E) = arg min || 29— AZGy, — BUjj |r (7.79)

7.10.8 Prediction of future outputs

We have the following relationship
Yo = 2500 + 2500 (7.80)

From Theorem 4.3, Di Ruscio (1997), we have that the innovations can be
estimated from

FEjpon = Z5,pn(Z50)" (7.81)
from the above we have that a predictor for the future outputs is given by
Uyprn = Z§+L|1( .S]|L)L (7.82)
This indicates that
YsrrL = YJ+L|1(ZL87\L)J_ (7.83)

The predictor can simply be written

JosLn = 25,1 (7.84)
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Chapter 8

Subspace identification of the
states and the Kalman filter
gain

8.1 Introduction

A complete subspace identification (SID) algorithm are discussed and derived
in this paper. The derivation presented is different from the other published pa-
pers on subspace identification, Van Overschee and De Moor (1994), Larimore
(1990), Viberg (1995) and Van Overschee (1995) and the references therein,
because we are using general input and output matrix equations which de-
scribes the relationship between the past and the future input and output data
matrices.

One of the contributions in this paper is that it is shown that the Kalman
filter model matrices, including the Kalman gain and the noise innovations
process, of a combined deterministic and stochastic system can be identified
directly from certain projection matrices which are computed from the known
input and output data, without solving any Riccati or Lyapunov matrix equa-
tions. This subspace method and results was presented without proof in Di
Ruscio (1995) and Di Ruscio (1997). One contribution in this paper is a com-
plete derivation with proof. A new method for computing the matrices in the
deterministic part of the system is presented. This method has been used in
the DSR Toolbox for Matlab, Di Ruscio (1996), but has not been published
earlier.

Furthermore, it is pointed out that the states, in general (i.e. for colored
input signals), only can be computed if the complete deterministic part of the
model is known or identified first. This is probably the reason for which the state
based subspace algorithms which are presented in the literature does not work
properly for colored input signals. The SID algorithm in Verhagen (1994) works
for colored input signals. The stochastic part of the model is not computed by
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this algorithm. The N4SID algorithm in Van Overschee and De Moor (1994)
works well and only for white input signals. The stochastic part of the model is
computed by solving a Riccati equation. However, the robust modification in
Van Overschee and De Moor (1995) works well also for colored input signals.

The rest of this paper is organized as follows. Some basic matrix definitions
and notations are presented in Section 8.2. The problem of subspace identi-
fication of the states for both colored and white input signals is discussed in
Section 8.3.1. The subspace identification of the extended observability matrix,
which possibly is the most important step in any SID algorithm, are discussed
in Section 8.3.2. It is proved that the Kalman filter gain matrix and the noise
innovations process can be identified directly from the data in Section 8.3.3.
A least squares optimal method for computing the deterministic part of the
combined deterministic and stochastic system is presented in Section 8.3.4.

The problem of using subspace methods for closed loop systems are pointed
out and some solutions to the problem are pointed out in section 8.4.

The main contribution in this paper is a new method for subspace system
identification that works for closed loop as well as open loop systems. The
method are based on the theory in Section 3 and is presented in Section 8.5.
This method is probably one of the best for closed loop subspace system iden-
tification.

Some topics and remarks related to the algorithm are presented in Section
8.6. Numerical examples are provided in Section 8.7 in order to illustrate the
behaviour of the algorithm both in open and closed loop. Some concluding
remarks follows in Section 8.8.

8.2 Notation and definitions

8.2.1 System and matrix definitions

Consider the following state space model on innovations form

ZTr+1 = AZy + Bug + Cey, (8.1)
yr = DZp + Eui + Fey,

where ey is white noise with covariance matrix E(egel) = I,,. One of the
problems addressed and discussed in this paper is to directly identify (subspace
identification) the system order, n, the state vector 7, € R", and the matrices
(A,B,C, D, E, F) from a sequence of known input and output data vectors, uy,
€ R" and yi, € R™, respectively. A structure parameter, g, is introduced so
that ¢ = 1 when E is to be identified and ¢ = 0 when FE is a-priori known
to be zero. This should be extended to a structure matrix G with ones and
zeroes, the ones pointing to the elements in £ which are to be estimated. This
is not considered further here. Based on (8.1) and (8.2) we make the following
definitions for further use:
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Definition 8.1 (Basic matrix definitions)
The extended observability matriz, O;, for the pair (D, A) is defined as

D
DA .
0; ¥ | e Rmxn, (8.3)
bAifl
where the subscript i denotes the number of block rows.

The reversed extended controllability matrizr, C¢, for the pair (A,B) is
defined as

cl [ A-1B A2B ... B] e R, (8.4)

where the subscript i denotes the number of block columns. A reversed extended
controllability matriz, C?, for the pair (A,C) is defined similar to (8.4), i.e.,

c; [ ailc A2 ... C ] e RO (8.5)

i.e., with B substituted with C' in (8.4). The lower block triangular Toeplitz
matriz, HY, for the quadruple matrices (D, A, B, E)

i B 0m><r Omxr T 0m><7”
DB E Omxr e 0m><r
sz def | DARB DB E R | e Rimx(i-}—g—l)r, (8.6)
| DA™2B DA 3B DA™B ... E |

where the subscript i denotes the number of block rows and i + g — 1 is the
number of block columns. Where 0,,x, denotes the m X r matriz with zeroes.
A lower block triangular Toeplitz matrix H} for the quadruple (D, A,C,F) is
defined as

F Omxm Omxm T Omxm
DC F 0m><m T 0m><m
HZS déf DAC DC F Ce 0m><m c Rzmxzm (87)
| DAI2C DAC DpATiC .. F ]

8.2.2 Hankel matrix notation

Hankel matrices are frequently used in realization theory and subspace sys-
tem identification. The special structure of a Hankel matrix as well as some
matching notations, which are frequently used througout, are defined in the
following.
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Definition 8.2 (Hankel matrix) Given a (vector or matriz) sequence of data
s € R™ VYV t=0,1,2,...,t0,t0+1,..., (8.8)

where nr is the number of rows in s; and nc is the number of columns in s;.

Define integer numbers tg, L and K and define the matriz Sy as follows

Sto Sto+1 Sto+2 s Ste+K—1
S, " d_€f Sto+1 Sto+2  Sto+3 T StotK c RLnrxKne (8.9)
olL — . . . . . . .
Sto+L—1 Sto+L Sto+L+1 ***  Stg+L+K—-2

which is defined as a Hankel matriz because of the special structure. The integer
numbers tg, L and K are defined as follows:

o ty start index or initial time in the sequence, sy,, which is the upper left
block in the Hankel matriz.

e L is the number of nr-block rows in Sy

o K is the number of nc-block columns in Syr.
A Hankel matrix is symmetric and the elements are constant across the anti-
diagonals. We are usually working with vector sequences in subspace system
identification, i.e., s; is a vector in this case and hence, nc = 1. Examples of
such vector processes, to be used in the above Hankel-matrix definition, are the

measured process outputs, y; € R, and possibly known inputs, u; € R". Also
define

def T )
yii = [ v vl o Yhea ] € R™, (8.10)

which is refereed to as an extended (output) vector, for later use.

8.2.3 Projections

Given two matrices A € R”** and B € R7*¥. The orthogonal projection of the
row space of A onto the row space of B is defined as

A/B = ABT(BBT)'B. (8.11)

The orthogonal projection of the row space of A onto the orthogonal comple-
ment of the row space of B is defined as

AB* =A—-A/B=A—- ABT(BBT)'B. (8.12)

The following properties are frequently used

A/ [ fg ] — A (8.13)
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A/ [ ° r 0. (8.14)

Prof of (8.13) and (8.14) can be found in e.g., Di Ruscio (1997b). The Moore-
Penrose pseudo-inverse of a matrix A € R**¥ where k > i is defined as AT =
AT(AAT)=1, Furthermore, consistent with (8.12) we will use the definition

B+ =1, - BY(BBT)'B, (8.15)

throughout the paper. Note also the properties that (B+)T = B+ and B+*B+ =
B+,

8.3 Subspace system identification

8.3.1 Subspace identification of the states

Consider a discrete time Kalman filter on innovations form, i.e.,

Trr1 = ATy + Bug + Key, (8.16)
yr = DZp + Fuy + €, (8.17)

where Z; € R" is the predicted state in a minimum variance sense, € € R™
is the innovations at discrete time k, i.e., the part of y € R™ that cannot
be predicted from past data (i.e. known past inputs and outputs) and the
present input. Furthermore, g, = DZ; + Fuy is the prediction of y, and
€ 1S white noise with covariance matrix A = E(EkET). Here ¢, = Fey is
the innovations and the model (8.1) and (8.2) is therefore equivalent with the
Kalman filter (8.16) and (8.17). Furthermore, we have that K = CF~! and
A = E(egel) = FFT, when F is non-singular, i.e., when the system is not
deterministic and when the Kalman filter exists.

A well known belief is that the states is a function of the past. Let us have
a lock at this statement. The predicted state at time k :=tg + J, i.e. Zy,45 of
a Kalman filter with the initial predicted state at k := to, i.e. Z4, given, can be
expressed as

Ztors = Coyo)g + Cugys + (A — KD) &y, (8.18)

where C% = C;(A — KD, K) is the reversed extended controllability matrix of
the pair (A — KD, K), C4 = C;(A— KD, B — KF) is the reversed extended
controllability matrix of the pair (A — KD,B — KE) and Iy, is the initial
predicted state (estimate) at the initial discrete time ¢o. See (8.5) for the
definition of the reversed controllability matrix. J is the past horizon, i.e., the
number of past outputs and inputs used to define the predicted state (estimate)
Zt,+s at the discrete time ¢ + J.

Using (8.18) for different tg, i.e. for to, to + 1, to +2, ..., to + K — 1, gives
the matrix equation

Xto-i-J = éﬁ%u + CN’((}UtOU + (A - KD)JXtov (8'19)
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where

Xtors = [ Tigrs Tgrar1 -+ Tygespk—1 | € RPE (820
Xto = [Lft() Tpgr1 - i‘t0+K71] S RHXK. (821)

where K is the number of columns in the data matrices. Note that K also is
equal to the number of vector equations of the form (8.18) which is used to
form the matrix version (8.19). Note also that the state matrix Xy, can be
eliminated from (8.19) by using the relationship

Y17 = 05 X4y + HiUy p4 -1 + HiEy )1, (8.22)

which we have deduced from the innovations form, state space model (8.1) and
(8.2). Putting tg =: to + J in (8.22) gives

Yiorair = OrXegrs + HiUywgireg—1 + Hi Ery s 11 (8.23)

Using (8.19) to eliminate X,y in (8.23) gives a matrix equation which re-
lates the future data matrices Y3 1 511, Usoq gjp4g—1, Etg+r and the past data
matrices Yy |7, Ugg 75 Byl

The data is usually defined at time instant (or number of observations)
k=1,2,...,N. Hence, tg = 1 in this case. However, we are often defining
to = 0 which corresponds to data defined at k = 0,1,..., N — 1. The bar used
to indicate predicted state is often omitted. Hence, for simplicity of notation,
we define the following equations from (8.19), (8.22) and (8.23),

Yo7 = Oy X0 + HUp g4 g-1 + HjEy|s, (8.24)
Xy = C5Yy5 4+ CjUp s + (A — KD)’ Xy, (8.25)
Yy = 01Xy +H{Ujpsg1 + HiEj1, (8.26)

for lather use. Furthermore, (8.26) and (8.25) gives

B 5 UJ|L+g—1 J
Y= H}f 0C7 OLC%5 || Uy +OL(A— KD)"Xo+ H} By
Yo

(8.27)

Equation (8.27) is important for understanding a SID algorithm, because, it
gives the relationship between the past and the future. Note also the terms
in (8.27) which are ”proportional” with the extended observability matrix O .
From (8.27) we see that the effect from the future inputs, Uy 441, and the
future noise, £, have to be removed from the future outputs, Yz, in order
to recover the subspace spanned by the extended observability matrix, Oy. A
variation of this equation, in which the term Xy is eliminated by using (8.22)
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or (8.24) is presented in Di Ruscio (1997b). Note also that (8.25) and (8.24)
gives

U,
X;=[pPv PY { OJ}—PeE , 8.28
J [ J J} Yo JLo0|J ( )
Py = C4—(A-KD)’OVHY, (8.29)
PY = C5+(A—KD)’0}, (8.30)
P§ = (A-KD)O'H3, (8.31)

where we for the sake of simplicity and without loss of generality have put
g = 1. Equation (8.28) is useful because it shows that the future states X
is in the range of a matrix consisting of past inputs, Up|;, and past outputs,
Yp|s (in the deterministic case or when J — 00). Note that we have introduced
the notation, P%, in order to represent the influence from the past inputs upon
the future. Combining (8.28) and (8.26) gives an alternative to (8.27), i.e. the
" past-future” matrix equation,

UjiL+g-1
Yy,=[ Hf OrP} OpPy || Uyy — OLPjEq; + H E . (8.32)
Yo

The two last terms in (8.32) cannot be predicted from data, i.e., because Eo s
and E 7, are built from the innovations process ey.

It is important to note that a consistent estimate of the system dynamics
can be obtained by choosing L and N properly. Choosing Ly,j, < L where
Lyin = n+rank(D)—1 and letting N — oo, is in general, necessary conditions
for a consistent estimate of the dynamics. See Section 8.3.2 for further details.

On the other side, it is in general, also necessary to let J — oo in order to
obtain a consistent estimate of the states. The reason for this is that the term
(A— K D)’ =0 in this case. Hence, the effect of the initial state matrix Xy on
the future states X ; has died out. We have the following Lemma

Lemma 8.3.1 (Subspace identification of the states)
Let K — oo in the data matrices. The projected state matriz is defined as

Z5L
UjiLtg—1 UjiL+g—1
Xy/ | Uy = OE(YJ|L/ Uols —H{Uj14g-1)
Yo Yo
~ - UJ|L+971
= C5Yyy + CYUys + (A= KD)' X0/ | Uys
Yo,

(8.33)
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Consider the case when
UJ|L+g71
(A—KD)'Xo/ | Uy =0, (8.34)
Yo

which is satisfied when J — oo and (A — K D) is stable. This gives
X/ | Uos - X, (8.35)

and hence we have, in general, the following expression for the future states

d
291

i UJ\L—i—g—l J
Xy=0,(Yy/ | Uos —HpUji149-1) (8.36)

Yo

JAN

Proof 8.1 The proof is divided into two parts.

Part 1

The relationship between the future data matrices is given by

YjiL = OXs+ H{Ujjppg1 + HLEyp- (8.37)
UJ\L—i—g—l
Projecting the row space of each term in (8.37) onto the row space of | Up|s
Yo
gives
UJ\L—i—g—l UJ\L+g—1 4
Yo/ | Uos =0rXy/ | Uy + HiUjjp1g-1 +dEL  (8.38)
Yo Yo

where the error term s given by

UJ\L—{-g—l
dE| = HEEJ|L/ Uy ) (8.39)
Yo

It make sense to assume that future noise matriz Ej g, is uncorrelated with past
data and the future inputs, hence, we have that (w.p.1)

lim dE; = 0. (8.40)

K—oo
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Part 2

Equation (8.25) gives the relationship between the future state matriz X ; and
the past data matrices. Projecting the row space of each term in this equation

UJ|L+g—1
onto the row space of | Uz gives
Yo7
UJ\LJrgfl B B UJ‘LJrg,l
X5/ | Uois = C3Yps + Ciloy + (A= KD)'Xo/ | Uy (8.41)
Yo Yo

Letting J — oo (or assuming the last term to be zero) gives

UJ|L+g—1 - i
Xs/ | Uy = C3Yo1 + C3Uy - (8.42)
Yois

Letting J — oo and assuming the system matriz (A — KD) for the predicted
outputs to be stable in (8.25) shows that

Xy =C5Yy;+ CiUy. (8.43)
Comparing (8.42) and (8.43) gives
UjiL+g—1

Xy =X,/ | Uy . (8.44)
Yo

Using (8.44) in (8.38) and solving for X ; gives (8.36). O

The condition in (8.35) is usually satisfied for large J, i.e., we have that
limj_,o(A — KD)’ = 0 when A — KD is stable. Note also that the eigen-
values of A — K D usually are close to zero for “large” process noise (or “small”
measurements noise). Then, (A — K D)’ is approximately zero even for rela-
tively small numbers J. We will now discuss some special cases

Lemma 8.3.2 (SID of states: white input)
Consider a combined deterministic and stochastic system excited with a white
input signal. Then

; UjLg-1 |
Xy = OLYJlL/ UO\J UJ|L+g_1 (8.45)

Yo

when J — 00.

Proof 8.2 This result follows from the proof of Lemma 8.5.1 and (8.36) and
using that
XiUjipsg 1= X7 (8.46)

when uy, is white and, hence, Xo/Ujjp4g-1 = 0. O
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Lemma 8.3.3 (SID of states: pure stochastic system)
Consider a stochastic system. Then we simply have that

Xy =O0LYy /Yo, (8.47)
when J — oo or when (A — KD)?Xo/Yy; = 0 is satisfied.

Proof 8.3 This result follows from the proof of Lemma 8.5.1 by putting the
measured input variables equal to zero. O

Lemma 8.3.1 shows that it is in general (i.e. for colored input signals)
necessary to know the deterministic part of the system, i.e., the Toepliz matrix
Hg in (8.36), in order to properly identify the states. This means that the
matrices B and F in addition to D and A has to be identified prior to computing
the states. I.e. we need to know the deterministic part of the model. However,
a special case is given by Lemma 8.3.2 and Equation (8.45) which shows that
the states can be identified directly when the input signals is white. Note also
that the extended observability matrix Oy, is needed in (8.36) and (8.45). Op,
can be identified directly from the data. This is proved in the next Section
8.3.2, and this is indeed the natural step in a SID algorithm.

In the case of a white input signal or when J — oo then, Hg, and the state
matrix, X, can be computed as by the N4SID algorithm, Van Overschee and
De Moor (1996). From (8.32) and (8.28) we have the following lemma

Lemma 8.3.4 (States, X, and Toepliz matrix H{: N4SID)
The following LS solution

[ H} OpP}y OLPY | =Yy | Uy +dE. (8.48)

holds in:

i) The deterministic case, provided the input is PE of order J+ L+g—1. The
error term, dE = 0, in this case.

iit) When J — oo, and the input is PE of infinite order. The error term,
dE =0, in this case.

i11) A white uy gives a consistent estimate of Hg wrrespective of J > 0. How-
ever, O, PY and O LP}’ are not consistent estimates in this case. The first
mL x (L + g)r part of the error term, dE, is zero in this case.

Hence, under conditions i) and i), O Py} and OpPY can be computed as in
(8.48). Then the states can be consistently estimated as

X; =0} [ OLP} OrFY ] [ Vol ] : (8.49)

provided conditions i) and i) are satisfied, and O;f: is known.
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Proof 8.4 The PE conditions in the lemma are due to the existence of the LS

solution, i.e., the concatenated matric { Usiptg-1 } has to be of full row rank.
olJ
From (8.32) we have that the error term in the LS problem is

UjjL+g-1 ! UjlL+g-1
dE = (=OLPjEq;+ HiEjy) | Ugs = —0LPjEy; | Ugs (8.50)
Yo Yo7

It is clear from (8.31) that the error term dE = 0 when J — oco. This proves
condition i) in the lemma. Furthermore, the error term, dE = 0, in the deter-
ministic case because Fo|; = 0 in this case. This proves condition ii). Analyzing
the error term, dE, for a white input shows that the error term is of the form

dE = [ Oppw(iigr dE2 dE3 ', (8.51)

where the dEy and dE3 are submatrices in dE different from zero. Note that
dEs = 0 for strictly proper systems, g = 0, when uy is white. This proves
condition iii).

The states can then be computed by using (8.28) or (8.43), provided condi-
tions i) or ii) are satisfied. O

One should note that in the N4SID algorithm the past horizon is put equal to
the future horizon (N4SID parameter 7). In order for the above lemma to give
the same results as in the N4SID algorithm we have toput ¢ = L+1, J = L+1
and g = 1, i.e so that J + L = 2L + 1 = 2i. Note that this last result does
not hold in general. It holds in the deterministic case or when J — oco. The
extended observability matrix O, can be computed as presented in the next
section.

8.3.2 The extended observability matrix

An important first step in the SID algorithm is the identification of the system
order, n, and the extended observability matrix Or11. The reason for searching
for Op.11 is that we have to define A from the shift invariance property, Kung
(1978), or a similar method, e.g. as in Di Ruscio (1995). The key is to compute
a special projection matrix from the known data. This is done without using
the states. We will in this section show how this can be done for colored input
signals.

Lemma 8.3.5 (SID of the extended observability matrix)
The following projections are equivalent

UJ\L+g L
Zyr+1= Yype1/ | Uo W7iLtg (8.52)
Yo
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Ui
Znaes = naaVhae)| 327 | Ui (5.5
Ui
ZjLy = YJL+1/([ Y((])‘|j ] Uj_|L+g) (8.54)

Furthermore, Z 141 is related to the extended observability matriz Op41 as
Zjp+1 = Op+1X7, (8.55)

where the “projected states” XG can be expressed as

UJ|L+g N
X5 = (Xy/ | Uy )UJ‘LJFQ (8.56)
Yoz
~d ~ J Usli+g L
= (C3Uos + C3Yo s — (A= KD)"Xo/ | Uy |)Ujjpsy (857)
Yo
1
UJ\LJrg N
= (X;—(A-KD)'Xy | Uy, WLt (8.58)
Yo
L
J T UJ|L+9 L
= (Xy+(A—=KD)'O;HjEy s | Uy WJintg (8.59)
Yo7

Furthermore, the column space of Zj41 coincide with the column space of
Or+1 and n = rank(Z141) if rank(X§) = n.

Proof 8.5 The proof is divided into two parts. In the first part (8.52) and
(8.55) with the alternative expressions in (8.56) to (8.58) are proved. In the
second part the equivalence with (8.52), (8.53) and (8.54) are proved.

Part 1 Projecting the row space of each term in (8.26) with L := L+1 onto

UJ\L—i-g—l
the row space of | Up|s gives
Yoz
Ujsin+g-1 Ujsnt+g-1
Y41/ | Uos =0r1Xy/ | Ugs + Hf \Ujjpig-1 + dE($.60)
Yo Yo

where we have used (8.13). Then, w.p.1

lim dE; =0, (8.61)
K—oo

where the error term, dEy, is given by (8.839) with L := L+ 1 . Removing the
effect of the future input matriz, Ujrqg—1, on (8.60) gives (8.52) and (8.55)
with X9 as in (8.56).
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Furthermore, projecting the row space of each term in (8.25) onto the row

UJ|L+g—1
space of | Ug s gives
Yo.s
UJ|L+g71 B B UJ‘LJrg,l
Xi/ | Uos = C5Yy; + CUp s + (A= KD)’ Xo/ | Uy, (8.62)
Yo Yo

From (8.25) we have that
C5Yy 5 + C9Uy s = Xy — (A— KD)’ X,. (8.63)

Combining (8.60), (8.62) and (8.63) gives (8.52) and (8.57)-(8.58).
Part 2 It is proved in Di Ruscio (1997) that

U
Zj+1 = Yyoa/ [ W]|L+g ] UﬁHg
= YyuaUgipe W WU W WU, (8.64)

where

W = [ Yois } . (8.65)

Using that Uj-|L+ng-|L+g = Uj-|L+g in (8.64) proves the equivalence between

(8.53), (8.54) and (8.52). O

Lemma 8.3.6 (Consistency: Stochastic and deterministic systems)
Let J — oo, then

ZylL+1 = OLJrlXJUJL‘L_i_ga (8.66)

where Z 141 is defined as in Lemma 8.3.5. A sufficient condition for consis-
tency, and that Oy is contained in the column space of Zj 11, is that there
are no pure state feedback.

Proof 8.6 Letting J — oo in (8.58) gives (8.66). This can also be proved
by using (8.44) in (8.56). Furthermore, if there are pure state feedback then

XJUﬁL+g will lose rank below the normal rank which is n. O

Lemma 8.3.7 (Deterministic systems)
For pure deterministic systems we have that (8.66) can be changed to

Zypn = YiraUsins, = Orn XsUgipy - (8.67)

The extended observability matrixz Or4+1 can be computed from the column space
of YJ|L+1U}‘L+9. Furthermore, one can let J = 0 in the deterministic case.
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Proof 8.7 This follows from (8.66) and Lemma 8.3.5 by excluding the projec-
tion which removes the noise. O

Lemma 8.3.8 (Stochastic systems)
For pure stochastic systems we have that (8.66) can be changed to

Zyrs1 = Yyr41/ Yo s = Or1 Xy (8.68)

The extended observability matrix Op1 can be computed from the column space
of Yyir41/ Yo7

Proof 8.8 This follows from (8.66) and Lemma 8.3.5 by excluding the input
matrices from the equations and definitions. O

8.3.3 Identification of the stochastic subsystem

We will in this section prove that, when the extended observability matrix is
known (from Section 8.3.2), the kalman filter gain matrix can be identified
directly from the data. Furthermore, it is proved that the noise innovations
process can be identified directly in a first step in the DSR subspace algorithm.
This result was first presented in Di Ruscio (1995) without proof. Some results
concerning this is also presented in Di Ruscio (2001) and (2003).

Lemma 8.3.9 (The innovations)
Define the following projection from the data

1
ULty UslLtg
Zi1 =Yoo — Yoo/ | U = Y1 | Uojs . (8.69)
Yo Yoz
Then w.p.1 as J — oo
Zj|L+1 =H} 1By (8.70)

Hence, the Toeplitz matriz H} | (with Markov matrices F', DC, ..., DAM1C)
for the stochastic subsystem is in the column space ofﬁZf]‘LJrl since %EJILHE%LH =

Inyixp+1-

Proof 8.9 The relationship between the future data matrices is given by

YJ‘L == OLXJ +HgUJ|L+g—l +H2EJ‘L (871)
UJ\L—i—g—l
Projecting the row space of each term in (8.71) onto the row space of | Up)y
Yo
gives
Ujitg—1 Ujitg—1 .
YJ‘L/ UO‘J = OLXJ/ U0|J +HLUJ‘L+g—1 +dE1, (872)

Yo Yois



8.3 Subspace system identification

175

then, w.p.1

lim dE; =0, (8.73)
K—oo

where dE7 is given in (8.39). Furthermore,

UJ|L+g—1
lim XJ/ UO|J = XJ, (8.74)
J—00

Yo

where we have used Equations (8.44) and (8.38). From (8.71), (8.72) and
(8.74) we have that

UJ|L+971 .
Yy =Y/ | Uos =HpEjL. (8.75)
Yois

Putting L := L+ 1 in (8.75) gives (8.69). O

Note the following from Lemma 3.9. The innovations can be identified
directly as for g =1

U
Ziw=FEmn =Y —Ym/ | Uy (8.76)
Yois
or for g =0 when £ =0
s UO\J :|
5. =FE; =Y —Y 8.77
I g =Y =Y/ [ Yol (8.77)

One should note that (8.77) holds for both open and closed loop systems. For
closed loop systems it make sense to only consider systems in which the direct
feed-through matrix, F, from the input u; to the output yi is zero. This result
will be used in order to construct a subspace algorithm whic gives consisten
results for close loop systems, se Section 5.

It is now possible to directly identify the matrices C' and F’ in the innovations
model (8.1) and (8.2) and K and A in the Kalman filter (8.16) and (8.17). Two
methods are presented in the following. The first one is a direct covariance
based method for computing K and A and the second one is a more numerically
reliable “square root” based method for computing C and F'.

Lemma 8.3.10 (correlation method for K and A) Define the projection

matriz 23, as in (8.69) and define the correlation matrix

1
Arpr = 22500 Zn)" = Hi g (Hi )" (8.78)
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where the Toepliz matriz H} | can be partitioned as

Hiy = [ gLC ?%XL"‘ ] : (8.79)
where C'= KF. Hence, (8.78) can be written as
Apyr = [ N ] = [ Fe T POL0) T4 syt |- (8:80)
Ag1 Ag OLCF* 01C(0LC)" + Hj(Hj)
From this we have
E(exe}) = FFT = Ayy (8.81)
and
K=CF' =0l Ap AT (8.82)

Lemma 8.3.11 (square-root method for C and F) The LQ decomposition
of TlFZ:;ILJrl gives

1 S
Nl = l33Qs. (8.83)

Then, the Toeplitz matriz Hy _,, and the Markov matrices F', DC, .. ., DAL-1C,
are given directly by

H}_, = Ras. (8.84)

F can be taken as one of the diagonal m x m block matrices in Rss, e.g. the
lower left sub-matriz, i.e.

F=Rs(Lm+1:(L+1)m,Lm+1:(L+1)m), (8.85)
or as the mean of all the diagionals. Furthermore,
OrC = Rss(m+1:(L+1)m,1:m). (8.86)

The system matriz C is given by

C=0,0.C=0!Ryz(m+1:(L+1)m,1:m). (8.87)
The Kalman filter gain matrixz and the innovations covariance matrix are given
by
K = CF! (8.88)

= Ol Rsz(m+1:(L+1)m,1:m)Re (Lm+1: (L+ V)m,Lm+1: (L+1)m)
A = FFT, (8.89)
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8.3.4 SID of the deterministic subsystem

The parameters in the B and F matrices can be computed from an optimal
least squares problem. A solution to this is given in the following

Lemma 8.3.12 (Extended state space model)
The states can be eliminated from the state space model (8.1) and (8.2) to yield
the so called Extended State Space Model (ESSM)

Yy = ALYy + BrUjpeg + CLE 041, (8.90)
where
A, ¥ opa©0To,)tor e REmxLm (8.91)
By © [0B HY]—AL[ HE Opmxr ] € REWUA49T . (3.92)
Co ¥ [0,C Hi | —AL[ Hi Opmxm | € REXEFDm (g 93)

Proof 8.10 Putting J =: J + 1 in (8.37) and substituting Xj11 = AX; +
BUj; + CEj into this equation gives

Yy =0LAX 4+ [ OB HY |Ujpig+ [ OLC Hj | Ejppq. (8.94)
Equation (8.37) can be solved for X j when (A, D) is observable, i.e.,
Xy =0} Yy, — HiUjjpsgo1 — HiEjpp), (8.95)

where OTL = (0T0L)7*OY is the More-Penrose pseudo inverse of Or. Substi-
tuting (8.95) into (8.94) gives (8.90)-(8.93). O

Lemma 8.3.13 (Projection matrix for the deterministic subsystem)
Define the projection matrix

Z§|L+1 =Yjr41/ | Uou : (8.96)

d

This matriz can be partitioned into matrices Z ]

deterministic model

. and Zf,llL which satisfy the

Z5n = ALZG + BrUjj g (8.97)

Proof 8.11 This follows from (8.90) and (8.138) and that
im CrE 41/ | Uoys =0, (8.98)
K—oo

when the future inputs, Uj 144, the past data, Uy ; and Yy, are all independent
of the future noise term, C’LEJ|L+1. O
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Lemma 8.3.14 (SID of the system matrices B and E)
Define from (8.97) the linear equation

Y =B, (8.99)
where
Y = Z§+1|L - ALZ§|L7 (8.100)
Z/{ = UJ|L+g' (8101)
From (8.99) a least squares problem
wmin || Y~ B.(B, B |} (5.102)
for the unkown elements in B and E are defined as
B
vee(Y) = Xvec([ > ]), (8.103)
which can be solved for the unknown parameters as
B i
vec( I ) = XTvec(Y), (8.104)
where XT = (XTX)"1XT. The matriz X is defined as follows
L+g ~
XN Rl @ (Bioy — ALE;) e REmEx(mtgmr (8.105)
i=1

where ® denotes the Kronecker tensor product. The matrices R; and E; are
defined in the following. The matrices

RieR*E v i=1.. L+g, (8.106)
are r-block rows in the U € READ™E yotriz. e, extracted from
Ry
u=1: . (8.107)
Rp4y
The matrices
E;_; € Rimx(ntmg) 1,---,L+g, (8.108)
are defined as follows:
Eo=1[ 0L Opmxm: |+ Ers1=0rmxnim), (8.109)
[ 0m><n Im><m i i Oan Ome i [ Oan Ome ]
D Ome Oan Ime OmX'IL Ome
FEi = DA Omxm 7E2 = D Omxm 7EL = Omxn  Omxm (8,110)
L DAL_2 Omxm ] L DAL_3 Omxm ] L Omxn  Lmxm ]

The matrix Lyxm denotes the m x m identity matriz.
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Proof 8.12 From (8.92) we have that By, is a linear function of B and E when
A and D are given. The matriz X in the LS problem (8.103) is defined from
BrU by using the identity

vec(AXB) = (BT @ A)vec(X). (8.111)

a

Note that the number of columns in Y and U, which is defined in (8.100) and
(8.101), can be reduced to K =: (L + g)r by post-multiplying both (8.100)
and (8.101) with Uﬁ [+ However, this does not affect the estimates of B and
E but will in general reduce the computation. Another variant, which should
be preferred for numerical reasons, is to define ) and U from the R matrix
provided by the RQ/LQ decomposition. This will also reduce the number of

columns to K =: (L + g)r in Lemma 8.3.14.

Note that only a matrix of size (n+gm)r x (n+gm)r has to be inverted (i.e.,
the matrix X7 X in the LS solution (8.104)) in order to solve for the unknown
parameters in B and E. This method combined with the LQ decomposition is
found to be very efficient. The method in Lemma 8.3.14 require only that the
input is exciting of order n 4+ gm, and hence, independent of the user specified
parameters L and J. This is consistent with the lower bound on the order
of persistence of excitation for consistent estimation of an nth order possibly
proper (g = 1) linear system.

Note that the alternative strategy of first solving for By, in (8.97) and then
extracting B and F would require the inversion of an (L4 g)r x (L + g)r matrix
UjlLtg Ugi Ltg" This matrix may be singular for colored input signals, and hence
is not preferred.

8.4 Closed loop subspace identification

We have in Section 8.3.2 shown that the extended observability matrix O
can be estimated from the column space of the projection matrix Z; ., as
defined in (8.52). Let us look at the error term in this projection. We have

ZJ|L+1 = OL+1X9+dZ, (8112)

The error term dZ is given by

s U
dZ = Hj 1(Ejps1/ [ W”Hg :|)Uj_|L+g
Hj 1B jnUsippe W WU W) WU
~ _HerlEJ\LJrl/UJ\L+gWT(WUj_|L+gWT)71WUj'_\L+gu (8.113)

where W is defined in (8.65). We have in the last expression in (8.113) used
that Fjrq W7 /K ~ 0 when the number of columns K tends to infinity. The
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remaining projection in the error term is then EJ‘L_;’_l/UJ‘LJ’_g. This term will
also be approximately zero for open loop and many closed loop problems, which
will be pointed out in the following. However, the term E; 1 1/U;jr44, may be
non-zero and cause biased estimates for feedback systems in which the control
is directly proportional to the innovations noise. We will in the next sections
discuss how to overcome this problem. We will also stress that biased estimates
may be more reliable than estimates from an unbiased algorithm because the
variance may be small. This is illustrated in the section of examples.

8.4.1 Closed loop subspace identification: Using a filter in the
feeback loop!

Since we are allowing the inputs to be colored the question whether it is possible
with feedback in the inputs have to be pointed out. An external (dither) signal,
i.e., a reference signal, should be used to excite the system when collecting data
for subspace identification. The natural excitations from process disturbances
are often insufficient. The SID algorithm, e.g. DSR, works perfect for closed
loop deterministic systems. Our simulation results also shows that the results
may be good even for combined deterministic and stochastic systems, however,
the results depends on the dither signal or the signal to noise ratio. If the
signal to noise ratio is low then there may be a bias in the estimates. However,
the variance may be small. There may also exist an "optimal” dither signal
which gives very accurate subspace estimates (small bias and small variance)
even for systems with a large signal to noise ratio. This will be illustrated in
Example 8.7.4. A white noise or random binary signal in the reference usually
gives very good closed loop identification results. Furthermore, a minimum of
measurements noise is, as always, to be preferred in order to obtain good closed
loop estimates.

It is believed that SID of systems with state feedback or feedback from
Kalman filter states would work well, provided an external dither signal is
introduced in the loop. The reason for this is that the states are "noise-free”
and not correlated with the innovations noise. There are no problems by using
subspace identification methods in these cases.

The key is to make the term Ejjp4y JU J|L+¢ small, which is equivalent to
making the error term (8.39) small.

The (open loop) subspace identification methods may give biased estimates
for closed loop systems as in Figures 8.1 and 8.3 when the signal-to-noise ratio
is low. The reason for this is that the error term in (8.39) is not zero when
the future inputs, U441, are correlated with the future noise, E; . Most of
our simulations shows that the bias in the DSR. algorithm, due to noisy closed
loop data, is less than the bias in the other algorithms as N4SID, SUBID (Van
Overschee and De Moor (1996)), MOESP (Verhagen (1994)).

One of our solutions to the bias problem is to include a filter, e.g. a first
order low-pass filter, in the feedback path of the control system as illustrated
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h_c(2) h_p(2) >

Figure 8.1: Standard feedback system with reference signal, 7y, controller repre-
sented with uy, = h.(2)(rr —ys) and the system represented with h,(z). Possibly
process and measurements noise are represented with v, and wy, respectively.

in Figure 8.2. This filter will reduce or eliminate the feedback problem when
using subspace identification algorithms. Hence, the input and output data,
u and yx, can be used directly to identify a state space model of the system.
The reason for this is that the input is no longer directly proportional to the
measurements noise wy in the output yp = Dz + wy (or the innovations ey
in the output yx = Dxy + ex). This solution to the feedback problem will be
illustrated in Example 8.7.3.

h_f(z)

Figure 8.2: Feedback system with a filter in the feeback loop in order to elim-
inate problems with feeback in the data when using subspace identification
algorithms. Here, wuy is the control/input signal, y the output signal and ry,
is the reference signal. The controller is represented with ug = he(2)(ry — Ux)
where g, = h¢(2)yy is the filtered output. The system is represented with the
transfer function hy,(z). The controller is represented with the transfer function
he(z) and the filter is represented with the transfer function hy(z). Possibly
process and measurements noise are represented with v, and wy, respectively.

Note that the control system in Figure 8.2 is a special case of the more
general control configuration in Figure 8.3.

Note that SID algorithms are very useful for model predictive control in
which the control input signal often is the reference signal to some local con-
troller for the process. Hence, the SID algorithm are used to identify the closed
loop model from the reference signal to the output. In this case we do not have
problems with feedback in the data.
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—_— h_r(z) L h_p(z) >

Figure 8.3: Alternative feedback system with reference signal, r, controller rep-
resented with uy = rp—he(z)y, and the system represented with h,(z). Possibly
process and measurements noise are represented with v, and wy, respectively.

8.4.2 Closed loop subspace identification: Using the controller

The knowledge of the controller or the reference signal can be used to obtain
consistent subspace identification algorithms for closed loop systems. Consider
a linear state space model of the controller in Figure 8.1, i.e.

Thy1 = Acty+ Be(rr — yi), (8.114)
ur = Dcxz + Ec(rk’ - yk)a (8115)

where A, € R™"*" B. e R"*™ D.c R"™" and E. € R"™*™ is the state space
model matrices of the controller and x§ € R" is the controller state vector. Note

also that the results which follows also holds for the control strategy in Figure
8.3.

We will in the following assume that the controller is linear and that the
quadruple (A, B, D, E.) matrices in addition to the input and output data,
uy, and yi, are known. One should also note that the linear controller matrices
can be exactly identified if g, ug and gy, are known. The problem of identi-
fying the controller is deterministic and one can in this case perfectly identify
(A¢, Bey D, E.) by using rp, — yx as inputs and uy as outputs by using e.g. the
DSR subspace algorithm (provided that noise-free ry’s and uy’s are given).

Consider the following matrix equation obtained from the state space model
(8.114) and (8.115) of the controller in Figure 8.1, i.e.

Uy =01 X5+ H{(RjL — Y1) (8.116)

We will now adopt the idea in Van Overschee and De Moor (1997) and define a
signal /matrix M j 7, from (8.116) which is orthogonal to the future noise matrix
EJ|L as

def
My, S Uy + H§Y ), = O X5 + Hi Ry, (8.117)

The signal /matrix 8.117 was introduced by Van Overschee and De Moor (1997)
in order to solve the bias problem in the subspace identification algorithms.

Note also that a similar signal can be defined from the control system in
Figure 8.3. The only difference is that the right hand side of (8.117) becomes



8.4 Closed loop subspace identification

183

Ry — OpX5 in this case. This matrix is also orthogonal to the future noise
and the closed loop subspace identification algorithm which will be presented
in the following thus holds for both control systems as presented in Figures 8.1
and 8.3. The main point of introducing My, is that

Ejp/Mj =0, (8.118)

which holds if £y, is orthogonal to both X§ and Ry r.

8.4.3 Closed loop subspace identification: Indirect method

We will in this section derive a consistent version of the closed loop subspace
identification algorithm which is presented in Van Overschee and De Moor
(1997). We have the following consistent projection lemma for closed loop
subspace system identification

Lemma 8.4.1 (Closed loop SID)
Given the following closed loop projection

MJ\LJrg N
Zyrs1= Yoe1/ | Uo YM7iz4q (8.119)
Yo7
Then, Z 41 1is related to the extended observability matriz Op41 as
Zyr =T 01 X5, (8.120)

where T € READMX(LADM 46 4 Jower block Toepliz matriz given by

T = Ipiym+ HgHHEw when g =1 (8.121)
T = Ipsym+ | HEHyy Oiiiymxm | when g =0 (8.122)

Furthermore, the system order is given by
n = rank(Z jr41)- (8.123)
From the SVD
Zype1 = USiVi + UaSoVy (8.124)
where the n large/dominant singular values are contained on the diagonal in Sy

and the other zero/smaller singular values on the diagonal of Sa. Furthermore,
Uy, € READmMXn 40 7 U, € REA)mx((L+1)m—n)

From this we have the estimate
T 'O+ = Uy. (8.125)

Furthermore, the "autonomous” states are determined as X5 = SlVlT.
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Proof 8.13 A simple proof is given as follows. From (8.26) we have
Yy = O Xy + HE o Ugjpgg + Hi 1 B g (8.126)

Adding HgHszYﬂLJrg on both sides of (8.126) and using the definition in
(8.117) gives

TY 141 = Ora1 Xy + HL Mg+ Hi 1 B (8.127)
MJ|L+g
where T is as in (8.121) and (8.122). Since the matriz | Uy y is uncor-
Yoz
related (orthogonal) to the future noise matrix E L +1 we have that
TZ5 11 = O XG+ Hi {1 M4 (8.128)
where
J MJ\L+g
Z9ip41 = Yo/ | Uop ; (8.129)
Yo
and
J MJ|L+g
X1 =Xs/ | Uy ) (8.130)
Yo7

The lower triangular matriz T is non-singular if I, + EE. is non-singular.
Hence,

ZG =T 0L X§+ T HE L M4 (8.131)

Post-multiplication of (8.131) with MJL|L+g proves (8.119) -(8.121).

Furthermore we have that
Uy 290 = Us T HE Mg (8.132)

where Uz is the left singular vectors from the SVD of Zj,, which is re-
lated to the "zero/small” singular values. Equation (8.132) is obtained by
pre-multiplying (8.131) with U and using that T-*Op41 = Uy and UL U; = 0.

Equation (8.132) is a linear equation of the elements in the lower block
triangular Toepliz matrix T’ng 41- The solution to this problem is an im-
portant step in the closed loop subspace algorithm and therefore needs further
discussion. In order to do this we write (8.132) as

Y =UKMy L (8.133)
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where
Y = U3 Zj., (8.134)
u = Ul (8.135)
def 1,74 (L+1)mx (L+g)r
K=T'Hl , € R g (8.136)

The matrix K is a lower block triangular Toepliz matrix with m x r blocks K;
Vi=1,...,L+1. Hence, we can solve (8.132) (or equivalent (8.133) in a least
squares optimal sense for the parameters in . An algorithm for doing this is
presented in Van Overschee and De Moor (1996b) Appendix C.

The problem of solving (8.132) is very similar to the least squares problem
in Section 8.3.4 for determining B and F for the open loop subspace problem.

Since Hj |, is known the matrix HY 41 is simply obtained from K as (when
g=1)
Hi = K(Ipi1y — Hf 1K) (8.137)

Finally, the extended observability matrix of the system can be obtained as
(when g = 1)

Ors1 = (I(ps1ym + Hi 41 Hi 1)UL (8.138)

The system matrices A and D are then computed from Op, ;. The system
matrices B and E are computed from Hg 41 and Of.

The stochastic part of the system is determined very similar to the theory
in Section 8.3.3. The difference is that the projection matrix now is given by

Zis1 = Yo — Yoo/ | Uo =T 'Hj 1Ejpy (8.139)

The projection matrices Z 41, Z§|L+1 and Z§\L+1 can effectively be computed
by the LQ/QR decomposition.

The above ideas is among other details used to construct a MATLAB func-
tion, dsr_cl.m, for consistent closed loop subspace identification.

8.4.4 Closed loop subspace identification: Direct method

A drawback with the above algorithm is that 7" and Hﬁ 41 have to be identified
before the extended observability matrix Op41 and the system matrices A and
D could be identified. We will in this section present a solution to the closed
loop subspace identification problem which is more consistent with the DSR
subspace algorithm in which Oy and A and D is identified directly in a first
step. We have the following lemma
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Lemma 8.4.2 (Direct closed loop SID)
The extended observability matriz Op 41 is obtained from the following projection

d d 1
Ziprr = 2y Mynvg — HL 1 Z5)141)
= 250 Unpeg + Hi 1 Z5 )" = Opn X5 (8.140)

where Z‘C}‘LH and Z3; ., are defined in (8.129) and (8.139), respectively.
Furthermore, B and E (or also H}fH) can be obtained from
Z§|L+1 = OL+1X§ + Hg+1<MJ|L+g - HE+1Z§\L+1) (8-141)
or from (as in the standard DSR algorithm) the equation

Z§+1|L+1 - ALZJ|L = BL(MJ\L-i-g - HEHZ?‘LH) (8.142)

Proof 8.14 From (8.128) we have that
(I + H§+1HE+Q)Z§|L+1 = OL+1X§ + Hg+1MJ|L+g- (8.143)
Rearranging (8.143) gives

Z5i41 = Ora X+ Hi i (Myjpyg — HE (25, 1)) (8.144)

The closed loop subspace algorithm which is presented in this section is very
similar to the open loop subspace identification algorithm which is presented in
Section 8.3. The only difference is that the projection matrices are modified to
incorporate the Markov parameters of the controller (the Toepliz matrix Hf o

8.5 A new subspace identification method for closed
and open loop systems

It was presented in Di Ruscio (1995) and proved in Di Ruscio (2001) that the
noise innovation process could be identified directly from the data in a first
step. This approach is valid for both open and closed loop systems.

We will in the following consider a closed loop system in which it make sense
to assume that £ = 0. Putting ¢ = 0 and letting J — oo in Equation ( 8.27)
gives
_ Ad o Ais Uols
Yn=D[C} Cj | + FEj. (8.145)

Hence, the innovations can simply be identified as (for g = 0)

s U,
Ziw=FE;pn =Y —Y/ [ Y;)"‘J] } (8.146)
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This result is also obtained directly from Lemma 3.9, and Di Ruscio (2001). It
is clear that the above approach is valid for both open and closed loop systems
since the past data, Uy ; and Y, is uncorrelated with the future noise E ;.

The innovations is known and the DSR algorithm is used directly with the
innovations as extra inputs in order to identify the ”deterministic” model

op1 = Az + [ B K][gﬂ (8.147)

yr — e = Duxy. (8.148)

We now simply solve a deterministic subspace identification problem in order
to obtain the system matrices A, B, K and D. Any efficient subspace method,
e.g. the DSR method as presented earlier in this paper, can be used.

The DSR algorithm for closed loop systems is sketched simply as follows:

1. From the known input and output data w; and y, V £k =0,1,...,N —1
and a large past horizon, J, the future innovations matrix 2 §|1 =FE;;is
computed from (8.146). The projection involved can be computed directly
from the definition or preferably from a QR decomposition.

2. The innovations sequence e ¥V k = J,J+1,..., N—1 in the Kalman filter
is given directly from the corresponding data in Zjll‘ From the known
innovations sequence we form the Hankel matrix E;r.

3. Define the known input and output data sequence u, and yx V k = J, J +
1,...,N — 1 and form the matrices Uy |z, and Yy 141.

4. The data from step 2 and 3 and a specified future horizon, L, are used
to identify the state space model by an efficient subspace identification
method. As a rule of thumb, chose L small such that 1 <n < Lm. The
theory in Sections 3.2 and 3.4 can be used directly by zeroing out the
matrices Uy and Yy ; from the projections.

Hence, we simply obtain the model matrices in the Kalman filter from the
projection equations

i
U a
Zyie+1 = Y41 { Ei‘|i+1 } ~ Op1 X7 (8.149)
which gives Op41, A and D and
i - U
Yy =AY+ [ By Cp ] { Ej‘éﬂ } (8.150)

gives B and K according to the theory in Section 3.4. This algorithm is imple-
mented in the DSR_e MATLAB function in the D-SR Toolbox for MATLAB.
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8.6 Further remarks

8.6.1 Choice of algorithm parameters

There are two parameters in the algorithm, i.e., L and J. L is interpreted as
the identification-horizon used to predict the number of states. J is interpreted
as the horizon (into the past) used to define instruments from the data which
are used to remove noise. The system order, n, which is specified or identified,
is bounded by the user-specified parameter L, i.e. so that, 1 <n < mL where
m is the number of outputs. Hence, Lm singular values are computed by the
algorithm and the user may chose the system order, n, by inspection of the, n,
non-zero singular values.

A rule of thumb is that L should be chosen as small as possible if the inputs
are poorly exciting. The minimum identification-horizon, Ly, so that the pair
(D, A) is observable and rank(OLmin) =n is bounded by, [] < Ly, <n —
rank(D)+1, where [-] is the ceiling function, i.e., rounding towards plus infinity.
If the outputs are independent, then, we suggest to use L, ;;; = n—m+1 when
n > m and Ly;, = 1 when n = m. If the inputs are rich, e.g. white, then
this point is not critical. In practice, it is suggested that model validation
on independent data is taken into consideration when choosing the ”optimal”
settings for L.

The past horizon, J, may for combined deterministic and stochastic systems
and for pure stochastic systems usually be chosen as J = L+ 1 or J = L. Note
that the estimates of C' and the Kalman filter gain matrix X = CF~! usually
becomes better when J increases. For pure deterministic systems we may chose
J = 1. The instruments Y| ; and Up|; can also be removed from the projections,
i.e., and putting J = 0, in this case.

The theory in this paper is the basis for the D-SR Toolbox for MATLAB
which are available upon request. The toolbox consists of MATLAB functions
for subspace system identification of both open and closed loop systems.

8.6.2 Choice of input signal

The subspace identification methods tends to be more sensitive to the input
signal compared to e.g, the Prediction Error Method (PEM). This means that
there may exist colored input signals which gives subspace estimates which are
as optimal (efficient and consistent) as the PEM estimates. On the other side
there may exist colored input signals where the subspace methods gives poorer
results compared to the PEM. An optimal experiment for the subspace methods
is in general not a white noise input, but rather a colored input signal where the
frequency spectrum is optimized to excite the parameters in the system as well
as possible. Our experience is also that an input signal which are minimizing
the condition number of the Hankal matrix Uy ; or Uj |z, is usually not an
optimal input signal.
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8.6.3 N4SID

The N4SID algorithms in Van Overschee and De Moor (1994) are using an
oblique-projection

Uoji }
W, = , 8.152
= | (5.152)

for the identification of the extended controllability matrix O;, i.e., O; is esti-
mated from the column space of O; in (8.151), e.g. using the SVD. Comparing
(8.64) with (8.151) shows that the extra projection matrix Ult. are missing on

the left hand side of (8.151). Hence, we conclude that in general
O # 0X;. (8.153)

The consequence of this is that the subspace identification theorems in Van
Overschee and De Moor (1994), (1996), (1997) which are using the oblique
projection, to our understanding, are wrong.

The extra projection matrix Uit on the left hand side of (8.151) removes the
influence of the future inputs on the future outputs, and is necessary in order to
obtain accurate/consistent subspace estimates for colored input signals. Hence,
a consistent projection is therefore

Zy; = OUy; = O; XUy, (8.154)

il i

Hence, the extra projection can not be considered as a weighting matrix but
as a projection matrix. One should note that the parameter ¢ used by N4SID
is related to the parameter L in DSR as ¢ = L 4+ 1. Furthermore, in N4SID
the past horizon is put equal to the future horizon. Hence, this corresponds to
putting J = L+ 1 =14 in DSR.

8.7 Numerical examples

8.7.1 Example 1

Given the system (8.1) and (8.2) with the following matrices and vectors

AZ[-S.? 1.5]’32[8:225}’02{8:2]’ (8.155)
D=[1 0], E=1, F=1 (8.156)
The following colored input signals where used for identification
up = sin(k) +sin(§), (8.157)
up = sin(k) + sin(g) + sin(g), (8.158)

uj = withe noise with variance E(uj) = 1. (8.159)
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The number of samples was N = 1000. The system was simulated 100 times,
each time with the same input but with a different noise realization e;. However,
with the same covariance E(e2) = 1. The DSR parameters where chosen as
L =2, J = 3. The model structure parameter where g = 1. The poles of the
100 identified system matrices are illustrated in Figure 8.4, 8.5 and 8.6. From
this we conclude that the method presented in this paper is almost as efficient
as the PEM method, for the inputs which are considered. However, the N4SID
oblique-method gives an unacceptable bias in the pole estimates for input u,lc,
i.e., because the estimated poles are unstable. From Figure 8.5 we see that the
bias is eliminated but the results from N4SID are highly uncertain. However,
the results from N4SID are nearly the same as DSR for the white input signal
uz We also see that the variance of the subspace estimates may be smaller for
a colored input signal, Figure 8.5, than for the white noise input, Figure 8.6.

Eigenvalues: DSRcl Eigenvalues: DSR':2
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Eigenvalues: PEM Eigenvalues: N4SID
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0.6 0.6

0.5 0.5
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0.2 0.2

b4 0.6 0.8 1 b4 0.6 0.8 1

Figure 8.4: Identified poles for a Monte carlo simulation. The exact pole is
marked with a cross. Input signal u,lC where used.

8.7.2 Example 2

We consider the following system

Trr1 = Axp+ Bug + Cuy, (8.160)
e = D+ wg, (8.161)

where the system matrices are the same as in Example 8.7.1. The process noise,
vg, and the measurements noise, wg, are both white noise with standard devia-

tion /E(v?) = v/0.02 = 0.1458 and /E(w}) = v/0.002 = 0.0447, respectively.
The system is operating in closed loop. The input to the system is generated
by the following discrete time PI-controller

up = Kp(re — yi) + 2k, (8.162)
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Figure 8.6: Identified poles for a Monte carlo simulation. The exact pole is
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where the controller state, z, is defined by

Zpp1 = 2k + Tk — Yk)- (8.163)

Bp
7, (
The proportional constant is K, = 0.2, the integral time is 7; = 5 and the
reference, rg, is taken as the binary signal in Figure 8.7.

The number of samples was N = 1000. The system was simulated 100 times,
each time with the same reference, r;, but with a different noise realizations
v and wy, but with the same variance. The DSR parameters where chosen as
L = J = 3 and the structure parameter where g = 0. The subspace algorithms
works perfect in the deterministic case. However, the algorithm gives a small
bias in the estimates in the case of noise. The bias is negligible for this example.
The pole estimates are presented in Figure 8.8.

Reference, e input, U and output, Yy

i i i i i i i i i
o 100 200 300 400 500 600 700 800 900 1000

i i i 1 i i i i i
(o] 100 200 300 400 500 600 700 800 900 1000

-2 i i i i i i I I I
[o} 100 200 300 400 500 600 700 800 900 1000

Discrete time

Figure 8.7: The reference signal, rg, the input, u; and the output gy for two
particular noise realizations v; and wg, used in Example 8.7.2.

8.7.3 Example 3

Consider the same closed loop example as in Example 2. We will in this exam-
ple illustrate the bias-problem when using subspace identification algorithms
directly from input and output data collected in closed loop (Figure 8.1). Fur-
thermore, we will illustrate that the feedback problem can be eliminated by
including a low-pass filter in the feedback as in Figure 8.2.

The process noise, v, and the measurements noise, wy, are both white noise
with standard deviation {/E(v?) = 1/0.05 = 0.2236 and /E(w?) = v/0.01 =
0.1, respectively. The pole estimates after a Monte carlo simulation is presented

in Figure 8.9. We can clearly see a bias in the estimates from the (open loop)
subspace identification algorithms. The bias in the DSR estimates is smaller
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Figure 8.8: The pole estimates from the closed loop data as described in Ex-
ample 8.7.2.

than the bias in the estimates from both SUBID (Van Overschee and De Moor
(1996)) and N4SID. This is also the conclusion from many other simulation
experiments.

Consider now the feedback system in Figure 8.2. We are using a PI-
controller as in Example 8.7.2 where the filtered output is used as input to
the controller. The controller equations are as follows.

uk, = Kp(ry, — Uk) + 2k, (8.164)

where the controller state, z, is defined by

K,
2k+1 = 2kt %(Tk — Ur)- (8.165)
2

The filter is a 1. order low-pass filter of the form

U1 = U+ K¢y — T)
= (1= Kp)yk + Kryk, (8.166)

with filter constant Ky = 0.1. The initial filter output is taken as 7o = yo. Pole
estimates after a Monte Carlo simulation is illustrated in Figure 8.10. We see
that the pole estimates now are consistent.

8.7.4 Example 4

We will in this example search for an optimal experiment in the reference.
Consider the reference r, = sin(wk) for varying frequency w. The following
investigation shows that the bias in the DSR pole estimates is a function of the
frequency and that the bias reach a minimum for a particular frequency.
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Figure 8.9: The pole estimates from the closed loop data as described in Exam-
ple 8.7.3. The control system is as in Figure 8.1 with the same reference signal
as in Figure 8.7.
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pole estimates from the closed loop data as described in

Example 8.7.3 with a filter in the feedback. The control system is as in Figure

8.2.
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The reference signal which gave the smallest bias in the pole estimates is
for this example found to be for w = ﬁ, ie.,

i = sin( k). (8.167)

1.526
The pole estimates from an Monte carlo experiment is illustrated in Figure 8.11.
The results are very interesting because, as we see, the pole estimates from the
DSR subspace identification method is more reliable than the pole estimates
from the prediction error method PEM.

The process noise, v, and the measurements noise, wy, are both white noise
with standard deviation /E(v}) = v/0.1 = 0.01 and /E(w?) = v0.1 = 0.01,
respectively. The DSR parameters is L =5, g =0 and J = 6.
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Figure 8.11: The pole estimates from the closed loop data as described in
Example 8.7.4 with reference signal r = sin(k/1.526). The control system is
as in Figure 8.1.

8.7.5 Example 5

Consider the following system

Tei1 = 0.9z4 + 0.5u; + 0.6ey, (8.168)
Y = Tk +eg (8.169)

with e, white noise with unit variance. The controller is taken as
up = Kp(yp — 1), (8.170)
with K, = 0.6 and a reference signal

r, = sin(0.5k) + sin(k). (8.171)
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A Monte carlo simulation study is performed with N = 2000 data points and
M = 100 different noise realizations. The results are illustrated in Figures 8.12
and 8.13. As we can see, both DSR_e and PEM gives consisten results. It shows
also that the subspace method, DSR_e, is as efficient that PEM is. The DSR
function results in a smaller bias than MOESP. The parameters L = 1 and
J = 6 was used for the DSR_e function. Parameters L = 2 and J = 6 for DSR
and i = L + 1 = 3 for MOESP. The DSR_e function is implemented along the
lines in Section 5.

The DSR algorithm gives usually less bias than MOESP for closed loop data,
se Figures 8.12 and 8.13. It is very interestin that the DSR_e algorithm gives
parameter estimates which are as optimal as the corresponding PEM estimates.

Eigenvalues: DSR Eigenvalues: MOESP
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Figure 8.12: The pole estimates from the closed loop data as described in
Example 8.7.5 with reference signal ry, = sin(k)+sin(0.5k). The control system
is as in Figure 8.1.

8.8 Conclusion

The extended observability matrix Or4+; can be computed directly from the
column space of a projection matrix Zj 1, which is defined in terms of the
known data. There are in general two projections involved in order to define
Z jir+1- One projection is used to remove the effect of noise and one projection is
used to remove the effect of future inputs from the future outputs. A necessary
condition for a consistent estimate of O is that the number of columns K
in the data matrices tends to infinity.

The states are not needed in order to compute the extended observability
matrix and, hence, to identify the system dynamics, i.e., the number of states
n and the system matrices A and D.

An additional condition for a consistent state estimate is that the past
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Figure 8.13: The estimates of the B parameter from the closed loop data as
described in Example 8.7.5 with reference signal ry = sin(k) + sin(0.5k). The
control system is as in Figure 8.1.

horizon J has to tend to infinity. Furthermore, for colored input signals both
the extended observability matrix Op and the lower block triangular Toepliz
matrix Hg has in general to be known in order to properly computing the states.

The stochastic part of the model, i.e., the Kalman filter gain matrix and
the innovations covariance matrix can be identified directly from the data, i.e.
from the projection matrix Z7% ;. ,, without solving any Riccati or Lyapunov
matrix equations.

J| L+

The deterministic part of the model can be identified from an optimal least
squares problem defined from the projection matrix Z¢ the extended ob-

JIL+1
servability matrix Or41, A and D.

Furthermore the necessary projections, Zj 11, Z§|L+1 and Z§|L+1, which
are needed in order to compute a complete state space model realization for
the sixtuple matrices (A, B,D,E,C,F) (and/or K and A = E(Ekég)), can

UJ|L+g
. . U,
be computed throug a numerically stable LQ decomposition of ol
o|J
Y41
However, it is in general faster to compute Zj 11, Zf]ll 141 and 773 JL+1 directly

from the definitions. This means that the algorithm both can be implemented
as an correlation based method and a square root based method.

Finally, a method for subspace identification of closed loop systems which
gives unbiased estimates is presented. Simulation results shows that the esti-
mates are as efficient as those from the prediction error method, however, the
estimates are somewhat dependent of the parameters L and J.
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Chapter 9

Effect of Scaling and how to
Treat Trends

9.1 The data

We will consider some system input and output data vectors

u, V k=1,--- N

e ¥ k=1 N } Known system input and output data (9.1)

We will assume that the data can be modeled by a linear discrete time
combined deterministic and stochastic state space model. The data does not
necessarily have to be stationary. Constant trends or drifts is represented with
non-stationary series which can be modeled by a state space model with poles
on the unit circle.

9.2 The data matrices

From the known input and output series (9.1) we define the data matrices as
follows

Known data matrix of output variables

yl
s

Y = € RVxm (9:2)

vk

Known data matrix of input variables

T
Uy

uy
U= | . e RVxT (9.3)
uy
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9.3 Scaling the data matrices

Consider the scaled system input and output data

up = Syup V k=1,--- N
vp =Sy V k=1,--- N

The scaled input and output data vectors can be organized into data-matrices
similarly as in (9.2) and (9.3). However, the matrices which are identified should
be “unscaled” in order to satisfy the underlying (unscaled) system. A procedure
for incorporating scaling matrices is presented in Algorithm 9.3.1.

} Known scaled input and output data. (9.4)

Algorithm 9.3.1 (Modeling procedure with scaled data matrices)
Step 1, scaling the data: From the data matrices, Equations (9.2) and (9.3),
and some scaling matrices S, and S, we define the scaled data matrices

Y* = YS),
Us = UST. (9.6)
Step 2, identification: The problem of identifying a complete linear (usu-

ally) dynamic model for the process can be solved by the DSR function (see
D-SR Toolbox for Matlab).

[ A, B*, D%, E*, C, F* | =DSR(Y*,U* L), (9.7)
where L is a positive scalar.
Step 3, unscaling: The matrices
— RS _ Q—1ps _ Q—1ps _ Q-1ps
B =B*S,, D=S,D% FE=S5"ES,, F=S5"F° (9.8)
satisfy the SSM

Tp41 = Az + Bug + Cef, (9.9)
yr = Dz + Euy + Fef, (9.10)

where e}, has unit covariance.

Step 4, Kalman filter: The innovations form of the model (Kalman filter)
is given by

Trr1 = Axp+ Bup + Key, (9.11)
ye = Dz + Eug + e, (9.12)
where K is the Kalman filter gain
K=CF (9.13)
er is the innovations with covariance matrix
E(erel) = FFT. (9.14)
A
Remark 9.1 One particular and common choice is to chose the scaling matri-

ces Sy and S, so that each column (variable) in the data-matrices Y* and U*
has unit variance.



9.3 Scaling the data matrices

203

9.3.1 Proof of Step 3 in Algorithm 9.3.1

The sixfold matrices (A, B*,C, D* E®, F*¥) are the scaled state space model
matrices (in the state space model)

Tp+1 = Axp+ Bui + Cej, (9.15)
yp = D’z + E’uj, + Fej, (9.16)

where € has unit covariance matrix, i.e., E(ej(e;)T) = I. Substituting for y;
and uj, given by (9.4) we get

B

S S
Trr1 = Axp+ B°S,up + C@k, (917)
Syyr = D’z + E°Syug, + Fe. (9.18)

Assume that Sy is non-singular. Post multiply Equation (9.18) with S, L we
get

yr = Sy D mp + Sy ESSy up, + Sy FR e (9.19)
N—_—— N—— N—_——
D E F
Hence, we have
B=B*S,, D=5,'D%, E=S,'ES,, F=5,1F° (9.20)

To write the model on innovations (Kalman filter) form we define (from the
noise term in Equation (9.19))

er = S, ' Fej, (9.21)

where e}, is the innovations with covariance matrix

E(egef) = Sy FH(F*) (ST, (9.22)

because e} has unit covariance.

From Equation (9.21) we get
ef = (F*)"1S,ep. (9.23)

Substituting for e} into equations (9.17) and (9.19) we get the innovations form
of the state space model

K
—~
Tpr1 = Azp+ Bup + C(Fs)_lSy €k, (9.24)
yr = Dz + Eup + eg, (9.25)

where the Kalman filter gain matrix K is overbraced. QED.



204

Effect of Scaling and how to Treat Trends

9.3.2 Numerical Examples

Example 9.1 (Monte Carlo simulation)

Monte Carlo simulations of a MIMO system with two inputs (r = 2), two
outputs (m = 2) and three states (n = 3) was worked out in order to analyze
the effect of scaling the input and output data on the pole estimates. Note that,
in this case, the minimal identification parameter L is L, =n—m+1 =2 if
the two output variables are independent. The output variables are independent
in this example. The DSR parameter L was varyed from L =2 to L = 6.

Conclusions drawn when scaled data was used:

e Scaling the inputs gave no effect upon the pole estimates. The statistical
distribution of the pole estimates was unchanged.

e In general, output scaling of the type Y*° = YS’;F where Sy, is a gen-
eral non-singular matriz, can destroy the statistical distribution of the
pole estimates. However, this was only observed when L > L, .. where
L,in = 2. The statistical distribution seams to depend on the chice of
scaling. A question is, does there exist an optimal scaling matriz S, which

should be used when L > L ...

o [rrespective of scaling the output variables, the statistical distribution of
the pole estimates was unchanged when the minimal parameter L = L, =
2 was used.

o [rrespective of choice of L, the statistical distribution of the pole estimates
was unchanged when each column (variable) in'Y was equally scaled, i.e.,
for scaling matrices S, = diag(s,---,s) where s is a non-zero scalar.

Conclusions drawn when trended data was used:

e The system order increased by one when dirended data (i.e., data with
constant trends removed) was used. A unit pole is included in the system
in order to handle the trends.

9.4 How to handle trends and drifts

Time series usually has a trend. Such trends can be nonzero constants or mean
values, low frequency noise or drifts. The trends are often aprori unknown and
time varying. Assume that the output y; from a system can be separated into
three parts. One deterministic part yg which is driven from the known inputs
ug, one stochastic part y; driven from unknown inputs or disturbances and one
part y,g which represents the trend.

Yk = yi +yi + vh (9.26)
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In some applications we do not distinguish between the stochastic part y; and
the trend yg, i.e. we treat them simultaneously. The deterministic part, the
stochastic part and the trend may have common as well as separate and different
dynamics.

Constant non-zero trends and drifts can be described by a state space model
which has a pole on the unit circle. Low-frequency noise can be characterized
by a state space model which has a pole close to the unit circle. Such trends
can approximately be described by a random walk (drift)

TR = )+, (9.27)

un =y, (9.28)

where vy is assumed to be a white and Gaussian distributed disturbance. This
is a non-stationary process because the system has a pole on the unit circle.
Trends can often be described by non-stationary processes which has a pole on
the unit circle.

Assume that the trend is purely time invariant (constant) and equal to 3°,
e.g., 4" can be the sample mean of the series . The trend can then be described
by a 1lst order state space model with a pole equal to one (integrator)

xgﬂ = x%, :L‘(l):yo, (9.29)
v = (9-30)

where vy, is assumed to be Gaussian distributed. The output yg from this system
is purely exited by the initial values °. The initial values which are identified
are important because wrong initialization is not forgotten (because the system
is equal (or close) to an integrator).

It is not necessary to remove trends from the data when using DSR. Nonzero
constant trends or drifts are usually identified and represented with low fre-
quency dynamics, i.e. poles close to the unit circle.

One simple strategy is to first remove some constant trend from the data
and then identify the state space model matrices with initial values as follows,

[ A, B,D,E C, Fuxg ] =DSR(Y, U, L),
where Y and U are the data matrices adjusted for constant trends.

The constant trends which are removed can be the sample mean, the values
of the series at time zero k = 1 or the mean of the first, say, j samples of the
series. A simple strategy for identifying constant trends , which are frequently
used in practice, are given by

1 J

w=-Y"u, 1<j<N, (9-31)
jk:l
LI

yO:EZyk, 1<j<N. (9.32)
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Nevertheless, even if this strategy is used, it is important to note that it can be
low-frequency dynamics in the estimated state space model. It is important to
note that this low-frequency dynamics often is incorporated in order to represent
trends or drifts (which are not properly identified) in the output time series, it
can be decoupled from the dynamics from the known inputs u; to the outputs
Y. In the following this is illustrated with some examples.

Example 9.2 (Using trended data)
Assume a purely steady state deterministic system given by

yr = Euy,. (9.33)

where E € R™*" is the gain matrix of the system.

Assume that a sequence of N input and output samples are given. We can
then define the data matrices Y and U. (Note the relationship Y = UET).

Let us use a trended output data matriz for identification, i.e.,
YS=Y -Y? (9.34)

where YO is the trend (sample mean,).

Using DSR for identification, i.e., [ A, B, D, E,C, F,xg ] = DSR(Y*,U, L),
we find the following 1st order state space model

Tpt1 = Tk,  T1 = To, (9.35)
U = Dy + Euy. (9.36)
The estimated system has a unit pole. The reason for the unit pole is to handle

the trend. This means that both the trend Dz, = y° as well as the gain matriz
E are identified. We have that 9, — Dz = yp.

Example 9.3 (Non-stationary process)
Consider the system

Yk = euk + Yp, (9.37)

The output yy, from this system consists of two parts. One purely steady state
deterministic part euy, where e = —1 and one stochastic trend y; .

The trend is a drift which is described by

Tkt1 = T+ vg, (9.38)
Yp = T+ wg, (9.39)

where vy and wy is serially uncorrelated and Gaussian distributed with unit
variance. The system (9.38) is a so called “random walk” which has a pole on
the unit circle (a = 1). The process is therefore not stationary.
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The input to the system is exactly known and described by the random walk

21 = 2+ s (9.40)
up = 2, (9.41)

where py, is Gaussian distributed with unit variance and serially uncorrelated
with v and wy.

A Monte Carlo simulation of the system was done. ILe., the system (9.37)-
(9.39) was simulated M = 500 times, each time with new realizations for vy and
wy, but with the same input (9.41). The number of samples for each simulation
was N = 5000,

500 different 1st order state space models was estimated from the 500 se-
quences of input and output data (uy, yx, V, k=1,---,N).

The innovations model for the system is

Tpr1 = axg + buy + ceg, (9.42)
Ur = T+ eug + eg. (9.43)
where a = 1, b = 0 and e = —1. The “exact” Kalman filter gain matriz is

¢ = 0.6180 and the variance of the innovations is E(e2) = 2.6180.
The mean and standard deviation of the 500 estimated set of parameters

(for the innovations model) are given by

a = 0.9994 + 0.0007, b= 0.0000 £ 0.0009, é= —1.0017 = 0.0220, 9.44)
¢=0.6188 +£0.0132, E(ez) = 2.6083 £ 0.0532. ’

Note that the estimated model parameters was scaled so that d = 1. The pa-
rameters was estimated by DSR with identification horizon L = 2 (used for
identification of the number of states) and past horizon J =5 (used to define
instruments).

For comparison a purely steady state algorithm was used. The mean and
standard deviation of the gain estimates from PLS was

é =—0.9891 + 1.2538 } PLS with raw data (9.45)

é =—0.9758 + 0.7409 } PLS with centered data (9.46)

The mean of the parameters is not to bad. However, the standard deviation is
large which makes the estimates unreal-able.

9.5 Trends and low frequency dynamics in the data

There are basically two different approaches to deal with trends and slow dis-
turbances in the data:
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The input time series: u_k
40 T T T

i i i i i i i
500 1000 1500 2000 2500 3000 3500 4000 4500 5000

The output time series : y_k
100 T T T

—-100 I I I I I I I I I
(0] 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Time [samples]

Figure 9.1: This figure shows the input used in Example 9.3 as well as the
output (for one particular noise realization).

¢ Removing the disturbances by explicit pretreatment of the data.
Assume that input and output trends u) and y? are given. A model is
then identified based on the input and output data which are adjusted for
the trends, i.e.

dys = ye—uy, (9.47)
dug = up—ud. (9.48)

e Letting a noise model take care of the disturbances. In this case
the offset or trends are estimated as part of the modeling procedure. Some
additional states are included in order to identify the trends.

It is important to note that the trends must satisfy the model (or system).
This means that the trend either must be an equilibrium point or a steady state
point.

9.6 Time varying trends

Considder the data u; and y; wich satisfy the system

Tt4+1 = Awt + But + Cet, (949)
Y = Dl‘t + Eut + Fet, (950)

and some trends u and y) which also satisfy the system

a),, = Az} + Buf, (9.51)
v = Dzl + Eul. (9.52)
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In this case the deviations du) = u; — u) and dyf = y — y? will also satisfy the

system, i.e.
Ti4+1 — .CC?+1 = A(.fl?t — .’L’?) + B(Ut — Ug) + Cet, (953)
ye—yp = Alxy—2Y) + E(us — ud) + Fey, (9.54)

This means that the adjusted data du; and dy; satisfy the system model (A, B, D, E,CF, F)

with states dx; = x4 — x?.

9.7 Constant trends

Assume that the data are adjusted for some constant trends or working points
u? and y°. It is important to note that such trends must satisfy the steady
state (static) relationship of the system, i.e.

Y0 = H%O (9.55)
where H? is the steady state deterministic gain matrix
Hi=DI-A)'+E. (9.56)
The data adjusted for the constant trends

dyr = ye—1°, (9.57)
du; = up —u°, (9.58)

will also satisfy the system given by (A, B, D, E, C, F'). This can relatively easy
be prooved in the frequency domain.

An approximation of these steady state trends wich are commonly used in
practice are the sample mean

0 1 al

o= D m (9.59)
t=1

0 1 l

u’ = NZut (9.60)
t=1

Another strategy which are found from practical experiences to work well in
most cases is to identify the working point from the mean of the first few
samples.
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Chapter 10

Validation

10.1 Model validation and fit

In order to measure the quality of a model we have to define some criteria.
Consider a multivariable system with m output variables stacked on each other
in the output vector y; and r input variables stacked on each other in the input
vector ug.

We will in the following assume that we have a set of input and output time

series (or observations)

Ut

} vV t=1,---,N (10.1)
Ut

for model validation.

10.1.1 Criteria based on the simulated error

Assume that a deterministic model (i.e. some model matrices (A, B, D, E)
and a set of input and output validation data, as defined in (10.1), are given.
Simulation will then give us the simulated outputs
d - A d
i = Ax{ + Buy (10.2)
¢ = Dal+ Eu (10.3)

where the initial state vector z¢ is known/specified !

The difference between each actual output and each simulated output can
be measured by the following criteria.

Definition 10.1 (Mean Square Error (MSE))
Define [y,): as (validation) output channel/number o and [)%); for the simulated

!Note that the super-script ¢ stands for deterministic and that the actual state vector z;
can be splitted into two parts, i.e., deterministic and stochastic states, satisfying z; = z{ + x;.
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output number/channel o. The Mean Square Error for output number o (MSE,),
i.e. the mean square error between the output number o and the simulated output
number o is defined as

N

MSE, — %Z([yo]t Y o=1,--,m (10.4)
t=1

where N is the number of observations (samples). This gives a vector of MSE
for the m output channels, i.e.

MSE,
MSE = : € R (10.5)
MSE,,

Definition 10.2 (Relative Mean Square Error (MSER))

Define [yo): as (validation) output channel/number o and [)%]; for the simulated
output channel/number o. The Relative Mean Square Error for output number
o (MSER,), i.e. the Mean Square Error between the output number o and the
simulated output number o Relative to the “energy” in the signal [yo)¢, is defined
as follows

& i (o — 980> MSE,
N i lwol? X 2 [wol?

where N is the number of observations (samples). This gives a vector of MSER
defined from the m output channels, i.e.

MSER, = Yo=1,---,m (10.6)

MSER,
MSER = : € R™ (10.7)
MSER,,

10.1.2 Criteria based on the prediction error

Assume that a combined deterministic and stochastic model (i.e. some model
matrices (A, B, D, E and Kalman filter gain matrix F') and a set of input and
output validation data, as defined in (10.1), are given. Simulation will then
give us the optimal predictions as follows

re1 = Awxy+ Buy + K(yr — Dy — Euy) (10.8)
¢ = Dat+ Ew (10.9)

where the initial state vector x; is known/specified.
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Input experiment design

11.1 Experiment design for dynamic systems

Input experiment design for dynamic systems is discussed in , among others,
Goodwin and Payne (1972) and Ljung (1989). We will in the following focus on
Binary input Signals (BS) and Pseudo Random Binary input Signals (PRBS)
and on some simple criteria for measuring the quality of different experiment
design.

Assume that an input signal series
uy € RT V1<t<N (11.1)

is given. From the input series (11.1) define the following input data matrix
with n 4+ g block rows and K = N —n — k block columns.

Known data matrix of input variables

Uf; Uk+1 Uk+2 o Uk K1
dJof Uk+1 Uk+2 Uk+3 ot Ukt K
e
Ukintg = | : : : D e RH9Imx{q1 2)
+g : : : .o .
Uk+n+g—2 Uk+n+g—1 Uk+ntg o Uk4n+K+g-3
| Uk+n+g—1 Uk+n+g Uk+n+g+1 " Uktn+tK+g—2 |

Definition 11.1 (Excitation condition)
The input signal u; defined by (11.1) is defined to be exciting of order n if and
only if the matriz Uy, 4 is non-singular, i.e.

rank(Ugjntg) = (0 + g)r (11.3)

where g is a prescribed model structure parameter with values g = 0 if E = 0y, s
and g =1 if E # Opyxr-

Definition 11.2 (Excitation condition)
The input signal u; defined by (11.1) is defined to be exciting of order n if and
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only if the matriz

1
P, = ?Uk‘nﬂUkT‘n L, € RUFrxtntor (11.4)

is mon-singular.

A simple measure of the quality of the input signal (11.1) is the condition
number of P, or Uy, 4. An optimal input design is an input signal with mini-
mum condition number (cond(U,,,4) or cond(F,)) subject to some constraints.

Following Ljung (1987) we have the following definition of a persistent ex-
iting input signal

Definition 11.3 (Persistent excitation)
The input signal uy defined by (11.1) is defined to be persistently exciting of
order n if and only if the matrix

lim P, e RM+grxmtgr (11.5)
K—o00
s non-singular.
ul: prbs(1000,15,100) u2: prbs(1000,15,100)
1/ 1 M n— nn r—1 1 11— 0 M — M
0.5 0.5
0] (o]
-0.5 -0.5
_1 u [ S— (- Ly L JrJd L 4 _1 [ | S— 7 u L L (-
(o] 500 1000 o 500 1000
u3: prbs(1000,15,100) u4: prbs(1000,15,100)
1f— — 0 r— M M0 1 n M —/n n M
0.5 0.5
(0] (o]
-0.5 -0.5
_1 ! —J e - —J | _1  — — —J e JeJd - L
(o] 500 1000 o 500 1000
Time [samples] Time [samples]

Figure 11.1: Tlustration of a Pseudo Random Binary Signal (PRBS) experi-
ment design. The input signal series are designed by four separate calls to the
MATLAB function PRBSI.

Example 11.1 (optimal design)
Consider the problem of designing a binary single input experiment signal

wV1<t<N (11.6)
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ul: prbs(1000,40,200) u2: prbs(1000,40,200)
1 — — 1 1 if — — —
0.5 0.5
o (0]
—-0.5 -0.5
_l — J [N _1 — L 4
(0] 500 1000 0o 500 1000
u3: prbs(1000,40,200) u4: prbs(1000,40,200)
1 M i 1r M
0.5 0.5
[0} (0]
—-0.5 -0.5
(0] 500 1000 (0] 500 1000
Time [samples] Time [samples]

Figure 11.2: Tlustration of a Pseudo Random Binary Signal (PRBS) experi-
ment design. The input signal series are designed by four separate calls to the
MATLAB function PRBSI.

with the following data

N =15 Total number of samples in uy
Np =3 Total number of intervals in u;
Topin = 2 Minimum sample interval

Tmar=5  Minimum sample interval

um% =1 Mazimum input amplitude
u™ = —1  Minimum input amplitude

The Np = 3 sample intervals T1, T> and T3 satisfy the constraint
Ty + 15+ 15 = N. (117)

This gives only a number of two independent discrete parameters, say Ty and
Ts, because Ty can be computed as T3 = N — T — Ts.

It make sense to find those integer parameters Ty and Ty for which the con-
dition number of Uy|(nq) i minimized. This is an integer variable optimization
problem.

The parameters T1 and Ty is bounded from up by T'maz = 5 and from below
by Tyyin, = 2. Hence, T1 and Ty can only have the discrete (integer) values 2,3,4
or 5. This gives a total number of Mo =4 -4 = 16 different combinations.

The condition numbers of the matrices Uy, and P, are presented in the fol-
lowing tables for system ordersn =5 and n = 6 and for all possibile experiment
design.
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Design # || T1 | Ty | T3 | cond(Ps5) | cond(Uy5) | evaluation
1 2 | 2 | 11| 74.729 8.645

2 2 |3 | 10| 42.695 6.534

3 2 14 |9 | 22123 4.704

4 2 |5 |8 | 22123 4.704

5 3 |2 | 10| 44.488 6.670

6 3 |3 |9 | 34487 5.873

7 3 |4 |8 | 15156 3.893

8 g |6 | 7 | 15.156 3.893

9 4 12 19 | 22407 4.734

10 4 |3 |8 | 12,159 3.487

11 4 | 4 7 | 10.472 3.236 minimum
12 4 |5 |6 | 10472 3.236 mintmum
13 5 |12 | 8 | 22407 4.734

14 5 |8 | 7 | 12159 3.487

15 5 | 4 6 | 10.472 3.236 minimum
16 5 |6 |5 |10472 3.236 MANTMUM
Design # | Ty | Ty | T3 | cond(Ps) | cond(Uys) | evaluation
1 2 |2 | 11| o 00

2 2 |3 | 10 56.9469 | 7.5463

3 2 |4 |9 |42.1114 | 6.4893

4 2 15 |8 |24.1949 | 4.9188

5 3 |2 | 10| 109.2796 | 10.4537

6 3 |8 |9 |47.8914 | 6.9204

7 3 | 4 |8 | 41.2023 | 6.4189

8 g |5 | 7T | 241949 | 4.9188

9 4 |2 |9 | 814547 | 9.0252

10 4 |3 |8 | 32.6288 | 5.7122

11 4 |4 |7 | 44.8400 | 6.6963

12 4 5 | 6 | oo 00

13 5 12 |8 |26.4365 |5.1416

14 5 |8 |7 | 17.6257 | 4.1983 mInimum
15 5 | 4 | 6 | 241949 | 4.9188
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First experiment design: cond(U)=3.24

2.5 T
i3 2r T

S 15 e

0.5 o

o L L L L L L L
2 4 6 8 10 12 14

Second experiment design: cond(U)=8.64

2.5 N
~ 2

=15+ B

0.5 b

o . . . . .
2 4 6 8 10 12 14

Discrete time [samples]

Figure 11.3: Tllustration of two different binary input signal design. The design
in the upper part has a condition number cond(Ul‘ 5) = 3.236 and the design in
the lower part cond(U1| 5) = 8.645. The input design in the upper part is better
conditioned for identification of a 5th (n = 5) order dynamic model compared
to the input design in the lower part. See example 11.1 for details.
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Chapter 12

Special topics in system
identification

12.1 Optimal predictions

For some time series we observe that the system dynamics are close to an
integrator and in particular for stochastic single output systems we may find
that the A parameter is close to one. In such cases we also often find that the
optimal Kalman filter prediction, g, is approximately equal to the previous
output yx_1. The reason for this is presented in the following proposition

Proposition 12.1 (Prediction equal to previous output)
Consider a Kalman filter for a stochastic system xpi1 = Az, + vg and yi =
Daxy + wy, i.e.,

Tpp1 = ATk + K(yk — Ur), (12.1)
Y = DTg. (12.2)
Assume that A =1 (or A close to one) and DK =1 (or DK close to one). In

this case we have that the optimal prediction, i, at present time k is equal to
the previous output yi_1, t.e.,

Uk = Yk—1- (12.3)
Proof 12.1
From (12.1) and (12.2) with A = I we have that
AZp = T —Tp-1 = K(Yp-1 — Y1), (12.4)
U = Yk—1+ DAxy (12.5)
This gives
U = Yk-1+ DK(Yp—1 — Uk-1), (12.6)

which gives Equation (12.3) when DK = 1. QED
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The Kalman filter is constructed to minimize the covariance of the estima-
tion error, i.e. the parameters in the Kalman filter is found such that, e.g. the
trace of the matrix E((zy — Z1)(xr — Z1)T) is minimized and usually also the
prediction error criterion is minimized. Furthermore, given different models one
should selected the best model from some validation criteria of the prediction
error criterion V = trace((E((yx — ¥x) (yx — x)7)).

Proposition 12.1 may also be extended to the Kalman filter of system with
known inputs.

12.2 Constraints in the subspace identification prob-
lem

It is possibile to include constraints in the OLS problem of computing the B
and F matrices in the DSR algorithm, or constraints in the B, K, E and F
matrices in the DSR_e algorithm. Note that the Kalman filter model matrices
B, K, E and F is the DSR algorithms are computed as an optimal ordinary
Least Squares (LS) problem. Hence additional constraints leads to a standard
LS constrained problem which may be effectively solved. As an example we
consider an output error system in which K = 0 in a state space model. It is
possible to add constraints in the DSR_e method in order to force K to be zero.

12.3 Least squares with equality constraints

Consider an LS problem Ax = b+ e with p equality constraints in Bx = d, i.e.
as follows

. . 2
min [| Az — bl 3, (12.7)

where A € RV*" p ¢ RN, B € RP*™ and d € RP. From the QR decomposition
of BT ie.

BT=QR=0Q [ i ] , (12.8)
Otn—p)xp
where () € R"*", R € R"*P and hence Ry € RP*P,

From this QR decomposition we define new variables y and z through

AQ=1[ 4 4], Q%:[i], (12.9)

where A; € RV*P, Ay € RVX("=P) 4 € RP and z € R"P. One point of doing
these definitions is that then we have

Ar=AQQTx = Ay As ] [ i } . (12.10)
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At this stage, instead of one unknown variable x we have two unknown variables
y and z, but notice that y may be solved from

Br=R'Q"z=[ Rl 0] [Z]:R{y:d. (12.11)
From this y may be determined and e.g. computed as

y = (R4, (12.12)

if RT is non singular. The inverse and the solution in (12.12) may be more
efficiently computed by using that RY is lower triangular. The next step is now
to compute z from the unconstrained LS problem

min ||Asz — (b— A1y)|[%. (12.13)
This gives
2= (AT A1 AT (b — Ay). (12.14)

Finally, now y and z are known and we compute the solution as
:U—Q[y]. (12.15)

This algorithm may be directly implemented in MATLAB as in the following
m-file function

function x=ols_c(A,b,B,d)
% x=o0ls_c(A,x,Beq,Deq)

% Solve OLS problem Ax=b with p equality constraints as Beg*x=Deq.

% A - (N x n) matrix with N >=n

% b - n dimensional vector

% Beq - (p x n) dimensional matrix for constraints
% Deq - p dimensional vector for constraints

[p,n]l=size(B);
[Q,R]=qr(B’);

R1=R(1:p,1:p);
y=pinv(R1’)*d;

AQ=Ax*Q;
A1=AQ(:,1:p); A2=AQ(:,p+1l:n);

bz=b-Alx*y;
z=pinv (A2’ *A2)*A2’ *bz;

x=Qx*[y;z];
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Example 12.1
Given the LS problem

mi%HAa;—bH%, (12.16)
To=
where
1 2 7
A=13 4|, b=1|1]. (12.17)
5 6 3

The constraint xo = 0 gives the constraint equation Bx = d with
B=[0 1],d=[0]. (12.18)

using e.q. the MATLAB function ols_c.m we obtain the solution

(12.19)

0.7143
0 .

Notice that this example is in-dead trivial because since xo = 0 then x1 may be

found as z1 = A(;,1)Tb = 0.7143 and then z = { ” } — [ 8-7143 ] ‘
2



Chapter 13

On the Partial Least Squares
Algorithm

13.1 Notation, basic- and system-definitions

Define y, € R™ as a vector of output variables at observation number k. The
output variables are some times referred to as response variables. Similarly a
vector xy € R” of input variables is defined. It is assumed that the vector of
output variables y are linearly related to the vector of input variables x; as
follows

yk = B ap, + ep, (13.1)
where ey, is a vector of white noise with covariance matrix E(egel) and k is the
number of observation.

With N observations k = 1,---, N we define an output (or response) data
matrix Y € RVX™ and an input data matrix X € RV*" as follows

yi i
Y=1|: , X=|: : (13.2)
YN T

The data matrices Y and X are assumed to be known.

The linear relationship (13.1) can be written as the following linear matrix
equation

Y = XB+E, (13.3)

where B is a matrix with regression coefficients. E € RY*™ is in general an
unknown matrix of noise vectors, defined as follows

ef

E=|: |. (13.4)

T
eN
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The linear relationship between the output (response) and the input data (or
regressors) is an important assumption and restriction for the PLS as well as
any LS algorithm to work.

We will in this work analyze systems with multiple output variables in the
data matrix Y. This is often referred to as multivariable (or multivariate)
systems.

If we only are interested in the matrix of regression coefficients B, then one
should note that it (for steady state systems) usually is sufficient to consider one
output at a time and only investigate single output systems. This means that
the multivariable LS problem can be solved from m single output LS problems,
i.e., each column in B is estimated from a separated LS problem.

Note also that (instead of modeling one output variable at a time) equation
(13.3) can be transformed to an equivalent model with one output in differ-
ent ways. Two possibile models with one output, which are equivalent to the
multivariable model (13.3) are preseted as follows

es(Y) = (I, ® X)es(B) + cs(E), (13.5)
es(YT) = (X ® Iy)es(BT) + cs(ET), (13.6)

where cs(+) is the column string operator and ® is the Kronecker product. cs(Y)
€ RY™ is a column vector constructed from Y by stacking each column in YV
on another. We also have (I, ® X) € RVN™X™ and cs(B) € R™.

Note that (13.6) can be constructed directly from (13.1) by first writing
(13.1) as

yr = (21 ® Iy,)es(BT) + ey, (13.7)

and then combine all N equations (k = 1,---, N) into a matrix equation of the
form (13.3).

However, for the sake of completeness we will in general consider multivari-
able (multiple output) systems of the form (13.3). One should also note that
the PLS algorithm can be used to compute projections. An example is the
problem of computing the projection of the row space of YT onto the row space
of XT. In order to solve this problem we have to consider the general multiple
output model (13.3).

13.2 Partial Least Squares

13.2.1 Interpretation of the Partial Least Squares algorithm

Define a vector t from the column space of X as t = Xw where w is a weight
vector with constraint w”w = 1. The vector t is defined as the score vector for
X. Similarly, a score vector u for Y is defined from the column space of Y as
u = Yc where c is a weight vector with constraint ¢’'c = 1.



13.2 Partial Least Squares

225

The PLS algorithm can be interpreted as the problem of computing weight
vectors w and ¢ which maximize the correlation between the score vector ¢
and the score vector u. Hence, we have the problem of maximizing the function
f(w,c) = tTu with respect to w and ¢ subject to the orthonormal constraints on
w and c¢. We can formulate the key part in the PLS algorithm as the following
optimization problem.

Problem 13.1 (PLS optimization problem) The key part in the PLS al-
gorithm can be formulated as an optimization problem for each component.

Maximize

f(w,c) =tTu,
with respect to w and ¢, where

t = Xw,

w=7Ye (13.8)
subject to

wlw =1,

e =1.

The Lagrangian associated with this optimization problem is given by

Lw,e) = tTu+pl—wTw)+o(l—cle)
wI XTY e+ p(1l — wlw) + o(1 - cle), (13.9)
where i and o are Lagrange multipliers associated with the constraints. The

optimal solution is found by setting all possible derivatives of the Lagrangian
to zero. We have

9 =YTXw —20c=0, (13.10)
9 = XTYe—2pw =0, (13.11)
5 =1-wlw=0, (13.12)
9 =1-cTc=0. (13.13)
From Equations (13.10) and (13.11) we have
YT Xw = 20, (13.14)
wI XTYe = 2. (13.15)

By transposing Equation (13.15) and comparing the result with Equation (13.14)
shows that the Lagrange multipliers are equal, i.e., u = o.

From this it is clear that w and ¢ are given by the following SVD problem
YT Xw =3, (13.16)

or equivalently (by transposing (13.16))
w! XTYe =53, (13.17)
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where 5 = 20 = 2 is the singular value associated with X7Y or Y7 X. The
weight vectors w and ¢ can be taken as singular vectors of XY or YTX.
Furthermore, one should take w and c as the singular vectors associated with
the maximal singular value of X7Y (or Y7 X). The reason for this is that the
objective

fw,e) =tTu=wIXTyYc=35 (13.18)

is maximized when § is the maximum singular value of X7Y. Note also that
if r > m then we should compute the economy size SVD of XTY otherwise we
should work with Y7 X. Further details of this SVD problem will be presented
and commented on in the next section.

From Equation (13.10) we have ¢ = Y7 Xw/(20). Substituting this into
Equation (13.11) gives an eigenvector problem for w. Similarly, from Equa-
tion (13.11) we have w = X7Y¢/(2u). Substituting this into Equation (13.10)
gives an eigenvector problem for ¢. Hence, we have the following eigenvec-
tor/eigenvalue problems associated with the PLS algorithm

XTyyTXw = Mw, with wlw=1, (13.19)
YIXXTYe = A, with ¢Te=1, (13.20)

where the eigenvalue A is related to the Lagrangian multipliers in (13.9) as
A = 4ou. Note also that A is related to the maximum singular value § of
(13.16) or (13.17) as A = 5%

Computing the orthonormal weight vectors w and c

From Section 13.2.1 it is clear that both weight vectors w and ¢ can be computed
as the left and right singular vectors of the matrix X7Y, respectively. We will
in the following assume that r > m. Otherwise we should work with Y7 X. In
this case c is the left singular vector and w is the right singular vector associated
with Y7 X, respectively.

The key step in the PLS algorithm is the following singular value decompo-
sition

XTy =usy?, (13.21)

where U € R"*" is a matrix of left orthonormal singular vectors, ¥V € R™*™ is a
matrix of right orthonormal singular vectors and § € R™*" is a diagonal matrix
of singular values. Note that a reduced singular value decomposition can be
computed when r > m. In this case Y € R™*™, S € R™*™ and V € R™*™,

Define the maximum (largest) singular value of X7Y as 5. Hence, 5 is equal
to the upper left (first diagonal) element of the matrix S of singular values. The
weight vector w is given by the left singular vector associated with the largest
singular value. Similarly, the weight vector c¢ is given by the right singular
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vector associated with the largest singular value. We have

w = U(,1), (13.22)
c = V1), (13.23)
s = S(1,1). (13.24)

The weight vectors are orthonormal, i.e., they satisfy w’w = 1 and ¢'c = 1.
The reason for this is that the columns of the SVD matrices &/ and V are
orthonormal.

Equation (13.21) is central in the PLS algorithm. This can be shown as
follows. From the SVD in (13.21) it is clear that the eigenvector problems in
(13.19) and (13.20) can be written as

XTyyTxu = uss?, (13.25)
YixxTyy = vsTs, (13.26)

where SST € R"™ " is a diagonal matrix with the eigenvalues of X7YY7TX
along the diagonal and STS € R™*™ is a diagonal matrix with the eigenvalues
of YTXXTY along the diagonal.

After w and ¢ are computed, the score vectors can be computed as follows

= Xw, (13.27)
u = Ye. (13.28)

The maximum correlation between the score vectors ¢ and w is

max f(w,c) =t u=w! XTYe=wlUSYTc =3, (13.29)
w,c

)

where 5 is the maximum singular value of X7V, i.e. equal to the upper left
diagonal element in S. This is the solution to the PLS optimization problem
(13.8).

Remark 13.1 For one component, the maximum correlation between the t

score vector and the u score vector is equal to the mazimum singular value
5 of XTY, i.e., tTu = 5.

We have given an interpretation of the PLS algorithm for one component
(also for the first component in the general PLS algorithm). The following
algorithm illustrates the central part of the general PLS algorithm.
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Algorithm 13.2.1 (Central part of the PLS algorithm)

X=X

for 1=1,a Loop for all components 1 < a <r
Xy = usyr The Singular Value Decomposition
w; = U(,1) The weight vector for X
ci = V(1) The weight vector for YV
5 = S(1,1) The largest singular value of XY
t; = Xw; The score vector for X
Xt = (Iy - yz ) X Rank one reduction of X

end

This results in a (score vector) matrix T € RV*? with orthogonal columns,
weight matrices C € R™*% and W € R"*“ with orthonormal columns and a
diagonal matrix S € R*** of maximum singular values §; of X ZT Y. The matrices
are defined as follows

T=[t ta ], C=|c1 - ca], W=[w - we], (13.30)
S1 0

S=1: - |. (13.31)
0 Sa

JAN
The details in the algorithm will be discussed in the next sections.

Remark 13.2 For each new component a rank one reduced matriz X; is used
in the SVD problem. Similarly it is common practice to use a rank one reduced

4T
bt )Y;. In this case the SVD of the matrix XZ-TYZ- 18

tT;
computed at each iteration. However, rank one reduction of Y is not necessary.
Further details will be discussed in the next Section 13.2.1.

matriz Yiyr = (Iy —

Definition 13.1 Define a score matriz U of score vectors for' Y computed from
a rank one reduced matrix Y; as follows

U=[u - u,] €eRV* (13.32)
where the score vectors are given by

u; = Yie; € RV, (13.33)
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Remark 13.3 The mazximum correlation matrix between the score vector ma-
triz T and the score vector matriz U is equal to a lower triangular matrix L,
1.€.,

TTU = L € R (13.34)

if the score matriz U is computed as in definition 13.1, i.e., from a rank one
reduced (undeflated) matriz Y;.

The diagonal element number i of L is equal to the maximum singular value
S; of XZ-TY, i.e., l;; = §;, where l;; is diagonal element number i in matriz L.
This means that

t(TTU) = tr(9), (13.35)
where S is defined by (13.31).

Proof of remark 13.3

The statement that L given by (13.34) is a lower triangular matrix can be
proved as follows. The upper triangular elements of 77U = L are given by

tit?
t

lijiv1 = t] uip1 = t] Yigrcipn = t] (I = 55)Yicin = (8] —t])Yicip1 = 013.36)

(2

QED.

Definition 13.2 Define a score matriz U for Y computed from an undeflated
Y matriz as follows

U=YC eRVxe, (13.37)
Each score vector is defined as
4 =Ye; €RY. (13.38)
A

Remark 13.4 The mazimum correlation matriz between the score vector ma-
trixc T and the score matriz U is in general equal to a full matrix M defined
as

T'U =M € R, (13.39)
when matriz U is computed without Y deflation, i.e., as in Definition 13.2.

The diagonal element number i of M is equal to the maximum singular value
s; of XiTY, i.e., my = §;, where 11 1s diagonal element number ¢ in matrix M.
Hence

tn(TTT) = tr(9), (13.40)

where S is defined by (15.31).
A
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Gram-Schmidt orthogonalization

We have shown how the weight vectors w and ¢, and the score vectors ¢ and u
are computed (for one component) from the SVD of X7Y. See Section 13.2.1.

The next step in the PLS algorithm is a rank one reduction of X and Y.
(However, one should note that rank one reduction of Y is not necessary). This
step is very central in the PLS algorithm and should therefore be discussed in
detail. Define the following (rank one reduced) matrices from X, Y and the
t-score vector.

tit?
Xiy1= (N — tTt-)Xi’ (13.41)
7“1
Yooy = (Iy — 1)y,
i+1=(In — tTt-) i (13.42)
i Ui

where X; = X and Y7 =Y. In the PLS algorithm, the weight vectors w and ¢
and the score vectors t and u, for the next component, are computed based on
the rank one reduced matrices X;y; and Y.

The score vector t;41 (for the next component) is computed based on X
and Yj+1. This means that a new SVD of X£1Yi+1 is computed. The weight
vectors wj1, ¢i+1 and the score vectors t; 41, u;4+1 can be computed as shown
in Section 13.2.1.

t;+1 is orthogonal to ¢;, i.e., tiTHti = (0. The rank one reduction, Equation

(13.41) and (13.42), is similar to the Gram-Schmidt orthogonalization process.

The rank one reduction process can be written in terms of so called loading
vectors. The loading vector p; for X; is defined as

T
r_ X

r_ A 13.43
i T, ( )

The rank one reduction of X, Equation (13.41), can then be written as
Xz'+1 = Xz - tip;-r. (1344)
Using that t; = X;w; we have the following alternative to (13.43),

TyT Y.
w; X, X;

= ——— 13.45

v/

The rank one reduction of X;, Equation (13.41), can then be written as

X1 = Xi(I —wpl). (13.46)
Equations (13.41), (13.44) and (13.46) can be used to formulate different PLS
implementations.

The loading vector ¢; for Y is defined as

o thY;
C;i = -7
Tt

(13.47)
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The rank one reduction of Y;, Equation (13.42), can then be written as

Y1 =Y — el (13.48)

Z‘ .
By using t; = X;w; we can find alternative expressions for (13.47) and (13.48).

We will know show that the loading vector ¢; is related to the weight vector
¢, i.e. related to the SVD of XZ»T Y;. For convenience in the final PLS algorithm
we define a scaled weight (loading) vector ¢; for Y; as follows

Si
= 70-’

tre, ™

&

(13.49)

where 5; is the largest singular value of XZ-T Y;, i.e. the upper left (diagonal)
element in the matrix S of singular values.

Proof of equation (13.49)

For the sake of simplicity the subscript ¢ is neglected in the following proof.
The loading vector can be written as

YTe  YTXw

E pu—
where we have used that t = Xw. Using that Y7 X = VSTU”T we have

YiXw 1
c=—7—=—VSU"w. 13.51
T T v (13.51)
The matrix ¢ with left singular vectors for X7Y has orthonormal columns.
The weight vector w is equal to the first column in ¢/. Hence we have

w’ 1
UTw = ug w = ? . (13.52)
ul 0
Using (13.52) we have that
st 0 0 1 51 s
stut= |2 T =T =] sy
0 0 s |lo 0 0
By using (13.53) we have that
S
VSTu"w = [ c Vg - vm] 0 = 3c. (13.54)
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Finally, we have that the loading vector ¢ can be written as

. .
c= —VSTYTw = 2>

—c. 13.
T tTtC (13.55)

QED.

Remark 13.5 Note that it is not necessary to compute the rank one reduction
of both matrices X and Y as shown in Equation (13.41) and (13.42), in order to
compute the SVD of X!Y; for each component. This can be shown as follows

tith
Tt

tith
tlt;

XL Vi = X1 (I )Y (13.56)
The matrix I —t;t]' /(tI't;) is symmetric. We also have that (I —t;t1 /(tI't;))" =
I —t;t7'/(tFt;) for positive integers n. Hence

tit!h
XL Y =X (1 - ;T;)Yi. (13.57)
i v
This means that
X5 Y = X5, Y = X7y, (13.58)

Algorithm 13.2.2 (PLS algorithm which does not reduce Y)
In the following algorithm Y is not reduced at each iteration. The price to pay
1$ that the u-score vectors are not computed.

X=X
for 1=1,a Loop for all components 1 <a <r
XZ»T Y = usyT The Singular Value Decomposition
w; = U(,1) The weight vector for X
Ci = V(1) The weight vector for YV
5; = S(1,1) The largest singular value of XY
t; = X,w; The score vector for X
Ty
Di = ):,} tt,’ Loading vector for X. (13.59)
d; = tilt Scaling coefficient
G = dic; Scaled weight (loading) vector for Y
4T
Xit1 = (I- i}tz )X;  Rank one reduction of X
end B
W=lw o ow ], C=[a o ],
P=[p - pu | T=[h — ta].

This algorithm decomposes X into X = TPT+G, where G is the residual matrix
which is equal to E = X,4,1. Y is decomposed into Y = TCT + F. The residual
can be computed as F' =Y —TC7T. The matrix of regression coefficients can be
computed as Bprg = W(PTW)~1CT. Note also that the rank one reduction
of X can be computed as X;11 = X; — tipZT or X;11 =X;(I - wipiT).

A
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Monte carlo simulation with PLS used on dynamical systems indicates that
additional rank reduction of Y gives improved numerical precision. However,
the effect of removing the rank reduction step on Y with respect to numerical
precision should be further investigated.

The partial regression

We will here study the rank one reduction of X and Y which is carried out for
each component in the PLS algorithm. This will in turn give us an expression
for the PLS estimate of the regression coefficients.

Consider the rank one reduction (deflation) process of X and Y

t'X
_ T T _
Xi+1 =X - p, p° = W? (1360)
and
Yigi =Y —teh, & =dt, (13.61)
where we have defined the scalar d as
S
d=—. 13.62
T (13.62)
Using that t = Xw we have
X1 = X(I—wph), (13.63)
Yiiig = Y —Xwé' =Y — Xwdc”. (13.64)

Comparing (13.64) with the assumed linear relationship Y = X B + E between
X and Y, we have that the matrix of regression coefficients (for one component
only) is given by

By = wel = wde! = %MCT. (13.65)

The prediction of Y (for one component only) is then given by
Y1 = XB; = Xwé'. (13.66)

Hence, if the rank one reduction of Y is carried out at each step, it can be
interpreted as the residual

Vi =Y - Y. (13.67)

Example 13.1 (PLS with two components)
Assume two components a = 2. The residual can be written as

Y3 =Yy — tach = Yo — Xownel = Yo — Xo By, (13.68)
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where we have defined By = wgég. Substituting for Yo =Y — X B; and Xy =
X (I —wiph) gives

Y3=Y — XB; — X(I —up!)By =Y — X(By + (I — wi1p? )By). (13.69)
The PLS estimate of the matrix of regression coefficients B can be written as
BPLS =B+ (I — wlp{)BQ = wlé? + (I — wlp?)’wgég, (1370)

where we have used that By = wlé{ and By = wgég. This can be written in
matrix form as follows

(PTW)!

w —_— cT
——N— 1 — T
Bprs=[ w1 w2 ] [ 0 piw } [a & }T (13.71)

It can in general be shown that Bprg = W (PTW)~1CT as indicated. The
loading matrix C' can be written as

S
c ,_51/\—
B —_— P 0
1
0 2

tTts

(13.72)

The matrix of regression coefficients can then be written as

Ty —1 S

P S SR

—_— 51 —_—
[ 1 —p1Tw2 } [ tTt b

0 _S2

tTts

BPLS = [ w1 w2 ] 0 1 [ C1 C9 ]T. (13.73)

It can in general be shown that Bppg = W(PTW)~1SCT | where S is a diagonal
matrix with 3;/(t/¢;) on the diagonal.
A

The PLS algorithm step for step

The following algorithm is presented in order to illustrate the computations
involved in the PLS algorithm. Refined PLS algorithms will be presented later.
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Algorithm 13.2.3 (PLS computations)

Xi=X, V=X

for 1=1,a Loop for all components 1 <a <r
XiT Y, = Usv”T The Singular Value Decomposition
wj = U(:1) The weight vector for X
ci = V(1) The weight vector for YV
5 = S(1,1) The largest singular value of XY
t; = X;w; The score vector for X
pi = )t(gtil Loading vector for X.
d; = t?tl Scaling coefficient
U; = Yi¢/d; Scaled score vector u = Ye¢ for Y
Ci = dig Scaled weight (loading) vector for Y
Xit1 = (I- Zth )X Rank one reduction of X
Yit1 = (I- Zth )Y; Rank one reduction of Y

end

A

Note that the rank one reduction of Y only is needed when the u-score vector
is needed.

13.2.2 The Partial Least Squares decomposition

The rank one reduction step X;11 = X; —tipZT Vi=1,---,a which is carried out
for each component in the iterative PLS algorithm, can be written as follows

Xop1 =X —tipl — - tapl. (13.74)
The residual matrix is here defined as G = X,11. A similar rank one reduction
for Y,ie Y11 =Y; — tiE;fF Vi=1,---,a can be carried out. This results in

Yor1 =Y —tiél — - t,él. (13.75)

The residual is defined as F' = Y,41. Note however that the reduction of Y is
not necessary in order to compute the decomposition.

Equations (13.74) and (13.75) can be written in matrix form. Hence, the
PLS algorithm decomposes X and Y as follows

X = TP 4G, (13.76)
Y = TCT+F, (13.77)

where G € RV*™ and F € RV*™ are residual matrices. T € RV*® is a matrix
of score vectors associated with the X matrix. Note that T is an orthogonal
matrix, i.e. 77T is a diagonal matrix. P € R™ is a matrix of loading vectors
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associated with X. C' € R™*% is a matrix of scaled weight vectors (or loading
vectors) associated with Y.

The loading matrix (scaled weight matrix) C' for Y can be decomposed into
C=CSA ' =YTTA?, (13.78)

where C is a matrix with orthonormal columns ¢;, i.e., cZ-Tci = 1. See the
Appendix, Equation (13.185) for further details. ¢; can be taken from the right
singular vectors of X!'Y. S is a diagonal matrix with the maximum singular
values §; of XZ-T Y on the diagonal. A; is a diagonal matrix with tiTti on the
diagonal. Note that ¢; = X;w; and that

A =TTT. (13.79)
The loading matrix P for X can then be decomposed into
P =P, (13.80)

where P; is the unscaled loading matrix with columns formed from the unscaled
loading vectors, i.e.,

pri = X[ ti. (13.81)

(2

We will in the next section use the above relations to formulate a PLS decom-
position with an orthonormal score vector matrix for X.

By combining Equations (13.80) and (13.81) we find that the P loading ma-
trix for X, in general can be expressed as P = XTT(TTT)~!. This expression
for P can be proved by putting the gradient matrix of || G ||% with respect to
tr(P) equal to zero. These results are presented in the following lemma.

Lemma 13.2.1 (PLS decomposition in terms of the T-score matrix)
The P loading matriz for X and the C loading matriz for Y can in general be
expressed as

P = X'ra'nt, (13.82)
¢ = vyiratn), (13.83)
(13.84)

where we have assumed that TTT is non-singular.

The PLS decomposition, Equations (15.76) and (13.77), can in general be
expressed as

X = 17(r'r)7'1TX + G, (13.85)
Y = T(IT'T) 7Ty + F. (13.86)

The T € RNX% score vector matriz for X can in general be expressed as

T=XWPTw)™ = xw(@txw)=L(17T). (13.87)
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Orthonormal score vector matrix

In some applications, e.g. in subspace identification algorithms for dynamic
systems, orthonormal decompositions are prefered. The PLS decomposition,
Equations (13.76) and (13.77), can be rewritten as

X = T,PT+@G, (13.88)
Y = T,0T +F, (13.89)
where
T, = TA;%, (13.90)
P, = PAt%:PtAt_%, (13.91)
c, = C’At%:CSAt_%. (13.92)

The scaled score vector Ty, is orthonormal, i.e. TOT T, = I,. Note that A, = TTT
is a diagonal matrix.

Note also the following alternative description of the orthonormal PLS de-
composition

To P
1 1

X = TA ?A 2PF+G, (13.93)
-1 _1

Y = TA, 2 A, 2SCT +F. (13.94)
C

13.2.3 The Partial Least Squares regression and prediction

We will in this section discuss some alternative methods for computing the PLS
estimate of the matrix of regression coefficients B.

From Equation (13.77) we have that the prediction of YV is given by
Yy =1C7. (13.95)

Similarly, from Equation (13.76) we have that the prediction of X (or the
information in X used for modeling Y') is given by

X =T1PT. (13.96)
The matrix of PLS regression coefficients is given by
B =w(PTw)= L7, (13.97)

Note that only the weight matrix W, loading matrix C' and the loading matrix
P are needed in order to compute B. Hence, the score vector matrices T and U
are not explicitly needed. T is implicitly computed in order to define P and C.
U need not to be computed in order to compute B. Note also that the matrix
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PTW which have to be inverted is of size a x a. PTW is an upper triangular
matrix with ones on the diagonal. This should be utilized when computing B
for numerical efficiency.

The matrix of PLS regression coefficients can equivalently be written as
B=w(PIw)=tscT =w(rTxw)~tscT, (13.98)

where PtTW = TTXW is an upper triangular matrix with tiTtZ- on the diagonal.
Se also Lemma 13.2.1.

Proof of Equation (13.97)

The prediction of Y can be written as

Y = XB. (13.99)
Substituting for X = TPT and B given by (13.97) gives

Y =TPTW(PTw)~1cT = 1C7, (13.100)
which is equivalent to Equation (13.95).

QED.

The matrix of regression coefficients can be computed recursively during the
PLS iterations. This is numerically preferable because we in this case do not
have to explicitly inverting the upper triangular matrix PTTV. We have

a
B= Z(I,« — wi_lpgll)wiéf, wog =0, pg=0. (13.101)
=1

This formula can be proved from the PLS updating expressions Y;11 = Y; —
XiwiEZT and X;11 = X;( — wiplT). We also have the following alternative
expression

a —

. 5

B = g (I, — wi,lp;-r_l)witT—;ciT, wo =0, po = 0. (13.102)
i=1 U

Remark 13.6 (Prediction) Note that the prediction of Y usually is com-
puted as

Y = XB, (13.103)

when X is not used for computing B. Hence, Equation (13.103) is used for
validation and prediction.



13.2 Partial Least Squares

239

13.2.4 Computing projections from the PLS decomposition

Consider the basic linear relationship
vy =BTxT + ET. (13.104)

The projection of (the row space) of a matrix A onto (the row space) of a matrix
B is defined as follows

A/B = ABT(BBY)'B, (13.105)

where ()T denotes the Moore-Penrose pseudo inverse. We also define the pro-
jection of the row space of A onto the orthogonal complement of the row space
of B as

AB+ = A—- ABT(BBT)'B. (13.106)

This implies that A is decomposed into two terms which are orthogonal to each
other, i.e.

A=A/B+ AB*. (13.107)
Then we have the following projection of Y7 onto X7
vyT/xT = BTXxT + ET/XT. (13.108)

The projection of ET onto X7 is assumed to be zero. This is the case when
N — oo and the noise process e is white and serially uncorrelated with z;.
The projection can then be computed as

yT/xT = BTXT. (13.109)

Substituting for the decomposition X = TPT and the estimate of the regression
matrix B = W (PTW)~1CT into (13.109) gives

YT/ xT = c(PTw)y"TwTpr? = CT1T. (13.110)

Using the orthonormal PLS decomposition Y = 7,01 and X = T,P! we have
the following alternative description

XT
—~
vT/xT =c,PT(P,PTY ' P,TT. (13.111)
where we have used (13.110). Comparing (13.111) with (13.108) shows that
BT =C,PI(P,PIY"t and B=(P,PI)"'P,CI | (13.112)

when P,P! ¢ R™" is non-singular.

Note also that the projection of YT onto the orthogonal complement of X7
is equal to the residual G from the PLS decomposition.
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13.2.5 A semi standard PLS implementation

The version of the PLS algorithm which is presented in this section is denoted
semi standard because it is based on the SVD.

Algorithm 13.2.4 (Standard PLS implementation with SVD)

Xi=X, W=Y

for i=1,a Loop for all components 1 <a <r
Xl-T Y; = USVT The Singular Value Decomposition
w; = U(;1) The weight vector for X
t; = X;w; The score vector for X
Ty,
C; = ?Tttf Scaled weight vector for Y
U; = gﬁég Score vector for Y
)é-Tti .
i = Loading vector for X
Xit1 = X;—t;pl Updating of X, (rank one reduction of X)
Yit1 = Y- tiEiT Updating of Y, (rank one reduction of Y)

end

The loading matrix P, the weight matrix W and the loading matrix C' are then
given by

P = [pl e P }7 W = [ wy e We }’ C = [ G o O ](13.113)
The matrix of regression coefficients can then be computed as Bp,g = W(PTW)~1CT.
Note that PTW is upper triangular with ones on the diagonal.

The algorithm also computes the score vector matrices
T=[t1 - ta], U=[w - a]. (13.114)

A

13.2.6 The number of components «a

The number of variables in X is r. The number of PLS components a (or
factors) is bounded from above by r. Hence,

1<a<r.

The problem of choosing the number of components «a is in general a trade of
between, on the one hand, “rank decision” based on the score matrices U and
T or the largest singular values s; of XZ»T Y;,,i=1,---,r, and, on the other hand,
model validation on independent data.

The PLS algorithm is constructed in order to maximize the linear relation-
ship between the u; score for Y; and the ¢; score for X;. Recall that the u; score
vector lies in the column space of Y; and that the ¢; score vector lies in the
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column space of X;. See Problem (13.1). In order to chose the effective number
of components a one can plot the score vector u; against the score vector t; for
alli=1,---,a and choose a from the plot where there is no linear relationship
between u, and t,.

Another strategy is simply to choose a as the number of “non zero” signifi-

cant singular values 5, Vi=1,---,r.

The problem of choosing a can of course be done recursively during the
PLS iteration. One procedure is to plot u; against t; at each PLS iteration
and by inspection decide if a new component should be incorporated. Another
procedure is to at each PLS iteration check if 5; is significant different from
Zero.

We end this section by pointing out that it often make sense to be parsimo-
nious when choosing the number of components.

13.3 Further interpretations of the PLS algorithm

13.3.1 General results

The results in this sections are general in the sense that it holds for all com-
ponents a. However, we will restrict our results to 1 < a < r where r is the
number of X variables.

Remark 13.7 We have the following general expression for the Squared Pre-
diction Error (SPE) when the PLS algorithm is used
Vv =||Y —XB|%=|Y -TCT |% (13.115)
which can be expressed as
Vn = tr(YTY) = 2tr(SAT'TTY C) + tr(CSA;TSCT) (13.116)
by using that C = CS(TTT)™. Furthermore, (13.116) can be evaluated as

Vw(B) =Y —XB|% = tr(YTY) - tr(S?A;})
a 22
_ T Si
= (Y Y)—Zt%, (13.117)

=1 1

where we have assumed that Ay = TTT is non-singular. a is the number of
components which usually is bounded as 1 < a < r. For each new component
which is incorporated, the variance in the output variables is reduced by the

. It is assumed that tI't; # 0.

a2
oy S
positive term T
7

JAN

Remark 13.8 Putting the gradient matriz of Equation (13.116) with respect
to C equal to zero, gives the following general PLS condition

scT =17y, (13.118)
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This expression is to our knowledge new.

We have also derived a quite different and general expression for the SPE
as follows.

Remark 13.9 Substituting Equation (13.118) into (13.116) shows that the
SPE can be written as

Vn = tr(YTY) — tr(YITTAT'TTY) = tr(YTY) — tr(YT To T Y). (13.119)

The first term on the right hand side is the sum of variances for each output
(response) variable (times N —1). The second term is the sum of variances for
the predicted outputs (times N —1), i.e.,

Y =XB=T\Y =TA'TTY = T,TTY, (13.120)
where T, is the orthogonal score matrix. Note that for finite N we have E(g)kyf) =
v Y7TY and (N — 1)E(gi9)) = tr(YTY).

The second term on the right hand side of (13.119) can be computed from
the SVD of the matrix

_1 -~~~
AC2TTY =TTy =UsSHy?T. (13.121)
Then,
min(a,m)
Vy=tr(YTY) - Y & (13.122)
=1

Note the difference in the second term on the right hand side of Equations
(13.117) and (13.122). The number of singular values 5 is a but the number of
singular values §; is min(a,m).

A

13.3.2 Special case results

The results in this section holds in general only for one component, i.e., a = 1.

Remark 13.10 We have the following expression for the Squared Prediction
Error (SPE) when a = 1.
2 T 5
W=|Y—-XB;||z=tr(Y'Y)— Ty (13.123)
where T =t = Xw and 5 is the mazimum singular value of XTY. We have
assumed that tT't is non-singular.

A



13.4 A covariance based PLS implementation

243

Remark 13.11 We have the following expression for the squared Frobenius
norm of u —t

|u—t|%=tr(YTY) + tr(XTX) - 2tr(WT XTY 0), (13.124)

where t = XW and uw =Y C. Hence, in the PLS algorithm the weight vectors
are computed as

inl[t—ul?= tTw). 13.125
min || ¢ —u |[p= max(t" u) ( )

) )

This gives an alternative interpretation of the basic PLS optimization Problem
13.1.
JAN

Remark 13.12 In methods to solve least squares problems it is often useful to
have some knowledge of the norm of the solution. An example is the Tikhonov
reqularized solution or the least squares solution with a quadratic inequality side
constraint on the solution B. See Hansen (1992).

For PLS with one component (a = 1) we have

5 _ 1 XY |r
B = = . 13.126
” ! HF tT't wl XT Xw ( )
Note that, in this case, the above also holds for the 2-norm of the solution, i.e.,
by replacing || - ||F in (13.126) with || - ||2.

13.4 A covariance based PLS implementation

From the basic linear Equation (13.3) we have
XTy =XTXB+ XTE (13.127)

which is the normal equation for the LS problem. We will in the following
present a version of the PLS algorithm which works with XY and X7 X rather
than X and Y.

The weights w and ¢ are computed from the SVD of XTY. First, initialize
(XTX); = XTX and (XTY); = XTY, then compute the weights w; and c;
from the SVD of (XTY); as follows,

(XTY); =USVT, w;=U(:,1), ¢;=U(;1), 5 =25(1,1). (13.128)
Compute the loading vector p; as

XTX)w
p; = uj where z; = 'wZT(XTX)Zwl (13129)

Zj
The loading vector ¢; can be computed as

XTY) w5
g = X V)iwi % (13.130)

Zq Zq
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Finally, the correlation matrix X”Y and the covariance matrix X7 X are up-
dated directly as

(X" X)ip1 = (I —wip))"(XTX)i(I —wipy ), (13.131)
(XTY)i1 = (I—wipH)T(XTY);. (13.132)

Equations (13.128) to (13.132) are computed for all ¢ = 1,---,a components,
where 1 < a < r. This procedure results in the matrices W, C and P. The ma-
trix of regression coefficients can then be computed as Bprg = W (PTW)~1C.
Remark that the product PTW is upper triangular with ones on the diagonal.
This structure should be used for efficient computation of (PTW)~1.

The covariance based PLS implementation is very simple. It is very fast
compared to the traditional PLS when the number of observations N is very
large compared to the number of input variables » and the number of output
variables m.

The initialization of the covariance matrix X7 X and the correlation ma-
trix XTY can be a problem due to rounding off errors when the number of
observations NV is large. The algorithm which is presented in the next section
is numerically robust.

13.5 A square root PLS algorithm

Consider the QR decomposition of the concatenated matrix

Fu L ] : (13.133)

(X v]-[a @] e

From this we have that X = Q1 R11 and Y = Q1 R12+ Q2Ros. Substituting into
the linear equation Y = X B + E gives the normal equation

Ri2 = R B, (13.134)

where R11 € R"™ " is upper triangular and R, € R"™*™,

A standard PLS algorithm can then be used to decompose R11 and Ry2 as
follows

Ry = TPT +aG, (13.135)
Ry = TCT+F (13.136)

and to compute the _Weighting matrix W. The PLS estimate of B is then
Bpig = W(PTW)flcT.

The above algorithm is numerically robust in the sense that it avoid possibly
rounding off errors when computing X7Y. The reason for this is that the square
root PLS algorithm instead works on XY = R{lng. However, the square root
PLS algorithm is not so fast as the covariance based PLS algorithm.
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13.6 Undeflated PLS

The PLS algorithm is iterative. At each iteration a rank one reduced (deflated)
matrix X; is computed. Usually a rank one reduction (deflation) of Y is also
carried out. Deflation of Y is not necessary in order to compute the regression
matrix B. The reason is that XZ-TY; = XZ-TY. In the following an LS method
without deflation is presented. This method is denoted UDPLS. The results
from UDPLS are in general different from the results from PLS.

Problem 13.2 (UDPLS optimization problem)

Maximize
FW,C) = (17D,
with respect to W and C, where
T=XW,
U=YC,
subject to
WTw =1,
cTc =1.

The Lagrangian associated with this optimization problem is given by
L(w,c) =tr(WITXTYC) + tr[TT (I — WIW)] + tr[2T (I — CTC))], (13.137)

where I and Y are matrices with Lagrange multipliers associated with the con-
straints. The optimal solution is found by setting all possible gradient matrices
of the Lagrangian to zero. We have

;)If/ = (CTyTX —orTwhT =0, = XTYC = 2WT. (13.138)
oL T ~T T ~T\T T
50 = WIXTY —omTch)l =0, = YIXW =203, (13.139)

These derivatives are restricted to symmetric matrices I' and 3.

For non-singular ¥ we have C' = 0.5Y 7 XWX, which gives

XTyyTXw = 4Wry, (13.140)

YTXXTYC = 403T. (13.141)
The key step is the following SVD
X7y =usv?. (13.142)
This gives

XTyyTxu = uss?, (13.143)
YIxxTyy = vsTs. (13.144)
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Chose W and C as

W = U, (13.145)
c = V. (13.146)
Note that
T = XW, (13.147)
™ = wixTyc=s5. (13.148)
The matrix of regression coefficients are given by
Bupprs = W(TTT)"tsCT =uUT xTxu)=1sv. (13.149)

where one should use only the a first components of T' and Y. The estimate
can also be written as

Bupprs = UU" XTXU)TUTXTY. (13.150)

Note that the above method is equivalent to the ordinary PLS algorithm when
a=1.

13.7 Total Least Squares and Truncated Total Least
Squares

Total Least Squares (TLS) and Truncated Total Least Squares (TTLS) are
methods for solving over-determined linear systems of equations. To be specific,
TLS is a technique to solve models of the type Y = X B + E, where not only
the left hand side Y is subject to errors but also X is subject to errors. This
model is known by statisticians as the errors in variables model. This model is
also known as a bi-linear model because Y is linear in both X and B but both
B and X is unknown, since X is subject to errors. Software for TLS and TTLS
are presented in Hansen (1992).

13.7.1 Total Least Squares

Consider the Total Least Squares (TLS) problem

1}171151 f(Z,B), (13.151)

where
f(2,B) = |IX - Z|[t + ||Y — ZB|}, (13.152)
where || - || is the Frobenius norm. The solution to this optimization problem

can be found from the SVD of the compound (or concatenated) matrix [X Y.
We have

= 51 0 Vi Vi
(X Y]=[U Ug]{o SaH‘GTz v | (13.153)
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where U, € RNXT, U, € RNxm, Sl S RTXT, Sg S Rmxm’ Vi1 € RTXT, Vig €
R™™ Vo1 € R™*" and Vag € R™*™. The solution is given by

Brrs = —ViaVi', (13.154)
Z = U8V, (13.155)
In order to prove this results one should note that || A[|% = tr(AT A). The results

in this section are from Moor and David (1997).

Proof of TLS solution

An argumentation/proof of the above TLS solution is given in the following.
First, note that the model (13.3) can be equivalently written as

[ X Y] [ ;f } =E. (13.156)

From the SVD (13.153) we have

vin 1" Via 1"
X v]=0:8|." UsS 12] . 13.157
[ } 11[‘/21}%-22[‘/22 ( )
From this we have
Vig |
[ X Y| = U5, (13.158)
Vaa
and
-1
[ X V] { ‘1/12‘/22 } = UsS5Voy' (13.159)

Comparing (13.159) with (13.156) we get the TLS estimate of the regression
matrix (13.154). From this we also have an estimate of the residual matrix E.

13.7.2 Truncated Total Least Squares

The TLS solution presented in the above Section can be extended to problems
where X is nearly rank deficient. A technique to solve this problem is Truncated
Total Least Squares (TTLS). See e.g., Fierro et al, Hansen (1992). Basically,
the idea is to only retain the 1 < a < r largest singular values of the compound
matrix [ XY ] in the matrix S;. The TTLS solution is similar to the TLS
solution, exept that we now have

‘/22 c R(r—a+m)><m7‘/v12 e Rrx(r—a—l-m) (13160)
and

Brrrs = —Vi2Vyh. (13.161)
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Remark 13.13 Note also that the above TLS and TTLS methods can be mod-
ified to work directly on the normal Equation (13.127). In this case we take
the SVD of the concatenated matriz [XTX XTY]. The solution are then found
from the SVD and the following formulation of the normal equation

-B

[ XTX XTY][Im

] = XTE. (13.162)

13.8 Performance and PLS

Motivated by the TLS performance objective (13.152) we suggest the following
performance objective to be minimized

f(P,B)= | X —TPT||% + ||y — TPTB|%. (13.163)

Let us first study the second part which is a measure of the residual F'. For one
component we have

IF|E =Y — tp" B[ (13.164)

Substituting for Bpr,g = w(p?w)~'el and ¢ = YTt/(tTt) gives (or simply re-
place the right hand side of (13.164) with the Gram-Schmidt orthogonalization
process, Equation (13.42), which is central in the PLS algorithm)

T
IF|% = |I(I - m)Y\I%- (13.165)

Using the relationship between the Frobenius norm and trace we have

tt?
1|7 = e[y (T = 7)Y (13.166)

13.9 Optimal solution

From the discussion in this work we have that the PLS solution is of the form
B=wWTxTxw)"'wTxTy (13.167)

where W € R"™% and «a is the number of components bounded by 1 < a < r.
W is a so called weighting matrix. Different regression methods gives different
weighting matrices.

The squared Frobenius norm of the residual Y — X B is given by
VW) =|IY = XB||% = tr(YTY) —tr(YTXW W XTXW)'WwT XTHR.168)

Assume first for simplicity that W is equal to a vector w. The squared Frobenius
norm of the residual is in this case given by

YT Xww? XTY _yTy wl XTyy?T

=Y = XB|%=Y"y — 13
Viw) =Y = XB|f =YY - T 3-169)
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where we also have assumed that Y is a vector.

The minimum weight vector w can be found by putting the gradient of V' (w)
with respect to w equal to zero. The gradient is given by

dV (w) 2XTY YT Xw(w? XTXw) —w! XTYYT Xw(2XT Xw)

dw (WwT XT Xw)? (13.170)
Putting the gradient equal to zero gives
TXTyyTx
XYY Xw = o DX T X (13.171)
This is a generalized eigenvalue problem, i.e. A = % is a gener-

alized eigenvalue of the square matrices X7YY7X and XTX and w is the
corresponding generalized eigenvector.

From this we have that a solution in general (i.e. when W € R"** and the
number of components satisfy 1 < a < r) can be computed by the following
generalized eigenvalue problem

XTyyTxw = XTXWA (13.172)

where A € R"™" is a diagonal matrix with the generalized eigenvalues on the
diagonal. W € R"*" is the corresponding generalized eigenvector matrix. W
and A can e.g. be computed by the MATLAB function eig(-,-), i.e.

[ W, A]=cigXTYYTX, XTX) (13.173)

The weight matrix corresponding to the first a generalized eigenvalues is
then given by

W :=W(,1:a); (13.174)

Note that it is possibile to compute only the a first generalized eigenvectors.

The norm of the residual is given by

VW)=Y - XB|} =tr(YTY) —tr(A(1 : a,1 : ). = tr(YTY) — zazva.m)
i=1

13.10 Numerical examples

Example 13.2
Consider the following example from Hansen (1992)

Y X E
—f— ———— B —_——t~
0.27 0.16 0.10 |1 1.00 > 0.01
025 [ =] 017 0.11 [ 1'00 ] + | —0.03 |. (13.176)
3.33 2.02 1.29 ' 0.02
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The problem adressed is to find the best estimate of B from given data matrices
X and 'Y and knowledge of the model structure (13.3).

[ 7.01
Bis = | L ] . || Busle = 10.94, | Y — XByglls = 0.02.  (13.177)
[ 1.1703
[ 1.1703
Bris = | yipigy |+ 1 Brrisll = L3885, ||~ XBrrugll = 015229

A magor difficulty with the above ordinary least squares solution Brg in
(13.177) is that its norm is significantly grater than the norm of the exact
solution, which is |Bll2 = v/2. One component (a = 1) was specified for the
PLS and TTLS algorithms. The PLS and TTLS solutions are almost similar

for this example.

13.11 Conclusion

The PLS estimate of the matrix of regression coefficients can be computed as
Bprg = WWTXTXW) " 'whXxTy, (13.180)

where W € R"*% is a weight matrix. If the weight matrix W is square and non-
singular then this expression reduces to the ordinary least squares estimate.

The PLS algorithm is in general not optimal with respect to (minimizing)
the Squared Prediction error, i.e., the PLS estimate of the regression coeflicients
gives in general not minimum of | Y — X Bpyg ||p. This can be shown by
counterexample. The optimal solution can be written in terms of an optimal
weight matrix W which is derived and presented in Section (13.9).
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13.12 Appendix: proofs

13.12.1 Proof of Equation (13.115)

The Squared Prediction error (SPE) can be expressed as

Vn(B) =Y =TCT |} = wu{(Y —TCT)T(Y —=TCT)}
= t{(YT - CSAT'TT) (Y — TA;TST B 181)

where we have used Equation (13.78). We have
Vn(B) =Y = TCT 3= tr(YTY) — 2tr(CSA ' TTY) + tr(CSA TTTA; T ST (13,182)
and

VN (B) = tr(YTY) = 2tr(SA'TTY C) + tr(A; 1 STCTCS)  (13.183)

We have from Definition 13.2 and Remark 13.4 that the diagonal of matrix
M =TTYC = TTU is equal to the diagonal of matrix S. We also have that
the matrix CTC have ones on the diagonal, S is a diagonal matrix and A; is a
diagonal matrix. This gives

Vn(B) = tr(YTY) — 2tr(S?A;Y) + tr(A;71S%) = tr(YTY) — tr(A; 1S%)13.184)

QED.
Note that a general condition for PLS is given by
sct =1Ty. (13.185)
This condition is to our knowledge new. Equation (13.185) can be derived by
putting the gradient matrix dVy (B)/dtr(C) = 0, i.e., putting the gradient ma-
trix of (13.183) to zero. Using this condition we derive the following expression
for the decomposition of Y

Y =TA'TTY + F. (13.186)

Hence, the projection of the row space of YT onto the row space of T7 is equal
to

YT /1mm =yTTa ' 1T, (13.187)
and, similarly

T\Y = TA;'TTY = T,TTY. (13.188)

Using (13.185) the SPE can be written as

Vy = tr(YTY) — tr(YTTA I TTY). (13.189)
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_1
The second term on the right hand side is related to the SVD of A, 2T7Y.
Define

_1 PO
ACCTTY =TTy =uUsSy?. (13.190)
Then,

min(a,m)
Vv =tr(YTY) — 52, (13.191)
=1

.

Note also the following alternative expression for the PLS regression matrix
Bprg = W(PTw)=Y(1TT) 1Ty, (13.192)
A proof is given as follows

T\Y = XBpyg =TA'TTY = TPTW(PTW) "1 (1" T)"'T"Y . (13.193)
X

Bp1g

13.12.2 The PLS algorithm in terms of the W weight matrix

The results in this section is of interest sinse it shows that the entire PLS
algorithm is dependent on the weight matrix W, only. We have the following
results.

The PLS prediction of Y can be expressed as

Y =xwWWIxTxw)'wTxTy. (13.194)

This result can be proved by combining ¥ = T(TTT)'TTY and T = XW(TTXW)~LA,.
Comparing this with ¥ = X Bpi,g gives

Bprg = WWIXTxw)tlwTxTy. (13.195)

Similarly as (13.194), the PLS prediction of X can be expressed as

X=xwwIxTxw)'wTxTx. (13.196)

The above result are important since it shows that the PLS estimate of
B can be computed from X, Y and the weight matrix W, only. The only
problem is how to compute the weight matrix W. The PLS techique is only
one approach.

Note also that if W is an arbitrary but square non-singular matrix, then
(13.195) reduces to the ordinary least squares (LS) solution. This shows that the
PLS estimate is equivalent to the LS solution when the number of components
isa=r.
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An expression for the rank one reduction of X in PLS can be derived from
the equation for the residual

G=X-XwWwIxTxw)'wTxTx. (13.197)
Similarily, for the outputs

F=Y - xwwWwIxTxw)'wTxTy. (13.198)
The consequense of this is that the SPE is

Vv(B) = ||Y =Y |3=[|Y — XBprs ||%
tr(YTY) — tr(YTY)
= tr(YTY) —tr(YIXWWTXTXW)TWwT XTY). (13.199)
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13.13 Matlab code: The PLS1 algorithm
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13.14 Matlab code: The PLS2 algorithm
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13.15 Matlab code: The PLS3 algorithm



Appendix A

Proof of the ESSM

A.1 Proof of the ESSM

The common equation in subspace identification is derived from the linear state
space model and given by

rr = Oray, + Hidy s, (A1)
The scalar positive integer parameter L can be viewed as the horizon necessary
for the observability matrix Oy, to be of rank n. Hence L > n —rank(D) +1 in

order for the state space vector zj to be identified from Equation (A.1). Thus
it make sense to define L as the identification horizon.

Equation (A.1) can be used to predict M steps into the future. Assume
M > 1. We have

Jrrmip = Orwpens + Hidy o an (A.2)

The state space vector in the future xyips is related to the present state xy
through the state equation. Hence we have

wppnr = AMap + Clrivg (A.3)
Substituting Equation (A.3) into (A.2) gives
remir = OLAMay + OLCl i ar + Hi iy anz (A.4)
The present state zj, is determined from Equation (A.1) and given by
k= O (G — HLtnL) (A-5)
Finally, substituting zj defined in equation (A.5) into (A.4) gives

Uk+M|L = OLAMO}L;@HL — Hiiig)r) + OLCstigns + Hitiar,  (A6)
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which can be written as

Jeemie = APk + Bryea rjrea + Crjpenr e (A7)
Brpyn = [0l HE ] —[ AYHE Opmsarr | (A.8)
Criem = [ 0cCy Hi ] = [ AYHS OLmxcaim | (A.9)

AN — opaMol (A.10)

The ESSM model correspond to Equation (A.7) with M =1 and k > L. The
past inputs and outputs, 0 < k < L, is used as instruments to remove future
noise.

A.2 Discussion

An interesting result is obtained by choosing M = L. In this case the toepliz
matrix HdL can be determined directly if the inputs are sufficiently exiting.

Consider the case in which M = L, then

Yirzin = ALYyr + BrUyjar, + CLEyar (A.11)
By =[0c, — AHi né | (A.12)
Cr=[0rCr - ALH; H; ] (A.13)

A.3 Selector matrices

Our experience is that the choice of the parameter L (number of block rows in
the extended observability matrix) should be chosen as small as possibile. I.e.
close to the minimal value in order to ensure observability.

The reason for this is twofold. First, the computational expence will increase
when L is increased. Second, for porely exiting input signals, we avoid (pseudo)
inversion of badly conditioned Hankel matrices when L is small. This will
usually influence on the variance of the parameter estimates.

Syikeanr = AYSybir + BpSutigiriar + CpSelrininr (A.14)
A = 5, AY S (A.15)
B, = S,BLS] (A.16)
Cy = S,CLS! (A.17)
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A.4 A study of the predictor Zf]lwﬂ for Y r41-

A possible subspace based predictor for the matrix Y, of future outputs is
given by the matrix ZL”}'LH as defined in Di Ruscio (1997). Le.,

U
Z§|L+1 = Y41/ [ M}II|L+9 ]

B,
U _ U
= Yy [ Uty WT } ([ W{1|L+g ] [ Uty Wi ]) 1 [ Wfl\mg } ’
(A.18)
where
Uols ]
W, = , A.19
' [YOJ (419

and B, is the matrix of regression coefficients from the corresponding LS prob-
lem. For simplicity of notation we will skip the subscript indexes in the follow-
ing. First let us compute the regression coefficient matrix

-1
B.=[vyuT ywT7 ] [ ngUTT I(/]VVII//VTT ] (A.20)
The inverse of a partitioned matrix is (Kailath (1980))
[ vuT  UwT ]‘1 B
wuT wwT -
wuhH)-t+wuhH)tvwTaA-'wut(wuh)—t —(uuh)-luwTAa-!
~A~'wuT(uut)-1 A1
(A.21)
where A is the Schur complement of UUT given by
A = wwl-wutwvh)vw? =wutw? (A.22)
where we have used index f for future. This gives
B.=[ B B | (A.23)

where

B, = YUT(vuhH) '+ wuhtvwTa-'wutwut)=) —ywTa-twuT(wuT)—!

= (v —-vutwTwutwh-'wyuTwuT)-t,
By, = —-YuhwuhH)luwTa=t yywTa-!

= yutwTwutwTh)-1
Hence, Z¢ is the sum of two parts, i.e.,

JIL+1

Zﬁ\L-ﬁ-l = Yo /wiUisirg + Yon1/v5,Wi = BiU + BoW

= (Y —-vyurwTwuwh-'w)/u +vyurwTwutwh)~tw.
(A.26)

(A.24)

(A.25)
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Appendix B

Linear Algebra and Matrix
Calculus

B.1 Trace of a matrix

The trace of a n X m matrix A is defined as the sum of the diagonal elements
of the matrix, i.e.

t’I”(A) = Z 5 (B'l)
i=1

We have the following trace operations on two matrices A and B of apropriate
dimensions

tr(AT) = tr(A) (B.2)
tr(ABT) = tr(ATB) = tr(BT A) = tr(BAT) (B.3)
tr(AB) = tr(BA) = tr(BTAT) = tr(ATBT) (B.4)
tr(A £ B) = tr(A) £ tr(B) (B.5)

B.2 Gradient matrices
L tr[X] =1 (B.6)
Z tr[AX] = AT (B.7)
S tr[AXT] = A (B.8)
2 tr[AXB] = A"B” (B.9)
2 tr[AX"B] = BA (B.10)
& tr[XX]=2Xx" (B.11)
& tr[XXT] =2X (B.12)
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& tr[ X" =n(x"HT (B.13)
% tr[AXBX]=ATX"B" + BT xT AT (B.14)
aix tr[eAXB] = (BeAXBA)T (B.15)
0 T . T
a—Xtr[XAX |=2XA if A=A (B.16)
59 tr[AX]=A (B.17)
52 tr[AXT) = A" (B.18)
-9 tr[AXB] = BA (B.19)
9 tr[AX"B] = A"BT (B.20)
aXLT tr[eAXB] = BeAXB A (B.21)

B.3 Derivatives of vector and quadratic form

The derivative of a vector with respect to a vector is a matrix. We have the
following identities:

2 =1 (B.22)
Z (@'Q)=Q (B.23)
2 (Qo)=Q" (B.24)

(B.25)

The derivative of a scalar with respect to a vector is a vector. We have the
following identities:

5 W)=y (B.26)
a% (Tx) =2z (B.27)
% (2TQz) = Qr + QT (B.28)
2 ('Qx)=Q"y (B.29)
Note that if @ is symmetric then
% (z7Qr) = Qz + QTx = 2Qx. (B.30)

B.4 Matrix norms

The trace of the matrix product A7 A is related to the Frobenius norm of A as
follows

1AlIE = tr(ATA), (B.31)

where A € RVxm,
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B.5 Linearization

Given a vector function f(x) € R™ where z € R". The derivative of the vector

f with respect to the row vector ! is defined as

(9171 8:22 81'71

Of2 9f2 ... Of2
8f — 8$1 81'2 81’n 6 Rmxn
OxT L

Ofm  Ofm ., Ofm

oz Oxo 0Tn

Given a non-linear differentiable state space model

r = f(x,u),

A linearized model around the stationary points xg and wug is

dr = Az + Bu,
oy = Dux,

where

of

A = o1 ‘9607u07

of

B = oul ’50077407

Jg
8.'L'T ‘3307'“07

and where

= T — Zo,

= U — Uup.

B.6 Kronecer product matrices

Given a matrix X € RVX", Let I,,, be the (m x m) identity matrix

XL =XxTeI,,

Ino®X)' =1, XT.

(B.32)

(B.37)
(B.38)

(B.39)

. Then

(B.42)

(B.43)
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Appendix C

Optimization of the DSR
algorithm

C.1 Existence of an optimal solution

For a given pair (D, A) there exists a canonical form (D,, A.) where D, consist
of only ones and zeroes and with a minimal number of free parameters in A..
Denote the free parameters as

04 = css(A) (C.1)

where css(+) is defined as the column structure string operator. See Di Ruscio
(1993) p. 121.

The problem of identifying the poles as well as the system matrices D and
A is reduced to solving the following optimization problem.

min||Ryy — OLA(OL0r) " O" Rl (C.2)
A
where || - || is the matrix Frobenius norm.

The size of this optimization problem can be further reduced. Define the
SVD

Ryy = USVT (C.3)

The Frobenius norm is invariant under orthogonal transformations. See Golub
and Loan (1883) p. 15. Then we have

min || RypV — O AOTOoL)tOTUS| (C.4)
A

Monte Carlo simulations shows that this solution is optimal and different from
the original DSR algorithm.

Note also that A can be computed from the following least squares problem

cs(Raz) = [ ((OTO0L) 'O R32)T @ Oy, | es(A) (C.5)
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C.2 Optimized algorithm for computing the B and
E matrices

In the DSR algorithm the system order and the matrices D and A are computed
in a first step. There are many alternatives for computing the system matrices
B and E from known D and A. One alternative to the one presented in Di
Ruscio (1995) is given in the following. A similar strategy for computing the B
and E matrices for SISO systems is presented in the covariance based method
in Di Ruscio (1993) p. 50. Monte Carlo simulations of combined deterministic
and stochastic systems shows that the algorithm improves the accuracy of the
B FE estimates compared to the original DSR algorithm. The method is optimal
in a least squares sense, i.e., the parameters in B and F are computed from a
least squares optimal solution. Note that the algorithms gives the same result
in the purely deterministic case.

From the DSR algorithm we have the matrix equation

M = BrRyy, (C.6)
where
MY Ry — A Ry € REmx(Lto)r (C.7)
and
A, =0pAOFop) 10T ¢ REmxIm, (C.8)

The matrices Ry € RLmx(Lta)r Ro, e RImx(L+9)r and Ry; € REA9r=(Ltg)r
in Equations (C.6) and (C.7) are submatrices from the lower Left, Q-orthogonal
(LQ) decomposition.

The matrix equation (C.6) can be solved for By, for known matrices M and
R11 provided Ry is non-singular. The matrices B and E can be computed from
By, when A and D are known. In Di Ruscio (1995) a variant of this strategy
which only have to invert a submatrix of Rj; of size (n — rank(D) + 1+ g)r is
presented.

In the following an alternative and optimal method for computing the B
and E matrices are presented. For given system matrices D and A the matrix
By, is a function of the unknown matrices B and E. We will show that Equation
(C.6) can be written as a least squares problem for the unknown parameters in
B and E.

In the following a proper state space model with E # 0,,x, is assumed.
From the definition we recall that g = 1 for this case. Define

L+g
NES RI @ (B - ALE;) € REm(Etorx(utgmy (C.9)
i=1

where ® denotes the Kronecker tensor product. The matrices R; and FE; are
defined below. We then have the following least squares problem for computing
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the B and E matrices.
es(M) = Ncs([ g }) (C.10)

where ¢s(-) is the column string operator, i.e. a column vector constructed by
stacking the columns of a matrix on each other. The matrix IV is determined
from the term Bp Rs3s by extensive use of the identity

cs(AXB) = (BT ® A)es(X)

for the column string operation of the product of a triple matrices A, X and B
of appriopriate dimensions (Vetter (1970)).

Then we have the least squares solution

cs([ v }) — Nies(M) (C.11)

where NT = (NTN)~!NT is the Moore-Penrose pseudo-inverse of N.

The matrices
R; e RTX(ULA9r v — .- L+g
are block rows in the Ry; € RETD™(L+9)" matrix. The matrices
By e REmxtma) g j— 1 ... L 4g

are defined as follows

Ey = [ Or OLmxm ] v By = OLmX(n+m)7 (C.12)
[ Omxn Iyxm 1 [ Omxn Omxm 1 I Omxn  Omxm 1

D Omxm Omxn Iyxm Omxn  Omxm

B = DA Omxm , Ey = D Omxm S Erp = Omxn  Omxm
L DAL2 Omxm i L DAL=3 Omxm 1 L Omxn  Lmxm i

Some examples are presented in the following in order to illustrate the above
method for computing the B and E matrices.

Example C.1
Considder the equation
Z = H§Up3 (C.14)

and the problem of computing B and E from known matrices Z, Uy3, D and
A. We have

HY
E Omxr 0m><7" Ul
Z = | DB E Omxr U, (C.15)

DAB DB E Us

C.13)
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and
0m><n Ime B Om><n Ome B
Z = D Omxm |: B :| Ul + Omxn Im><m |: E
DA Ome D Ome
Then we have
cs(Z) = Ncs([ g ])
where
Oan Ime Oan Omxm
N=U{®| D  Opxm | +U3 @ | Omxn Imxm | +
DA Ome D Ome
Example C.2

Considder the ESSM with L =1 and g =1, i.e.
Yip = A1Yo + BiUgps

}U2—|—

Ui ®

Oan Ome

Oan Ome

Oan Imxm

(C.17)

Oan Ome

Om><n Omxm (

OmXTL Ime

(C.19)

Assume that the input and output data as well as Ay are known. Define

M =Yy, — A1y
Then we have the matrix equation

M = B1Up

(C.20)

(C.21)

Problem: Compute B and E from known matrices M, A, and Uo|2-

Solution: We have
By

M=([DB E|-A|[E omw])[Ul]

U
The matriz By can be written as follows
Bi=[DB-AE E|

From this we have

~ B B
MZ(EO—A1E1)[E]U1+E1[E]U2

where

EOZ[D Omxm]a Elz[omxn Imxm]

This gives the least squares problem

cs(M) = Ncs([ v } )
where

NZU?@(Eo—ANqu)—FUg@El

(C.22)

(C.23)

(C.24)

(C.25)

(C.26)

(C.27)

[ g } 0..16)

18)
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Example C.3
Considder the ESSM

Yij2 = AsYpe + BaUypps (C.28)
Assume that the input and output data as well as Ay are known. Define
M =Yy — AyYy, (C.29)
Then we have
M = ByUp3 (C.30)

Problem: Compute B and E from known matrices M, Ay and Ug|3-
Solution: We have

Bs

Uy

o DB E Oer 1 E Omxr 0m><7"
M_([DAB DB E ]_AQ[DB E omXT]) 52 (C-31)
3

The matriz By can be written as follows

s [oan |l os | (oo | 2] [ ] o

From this we have

M:(EO—AgEl)[g}U1+(E1—A2E2)[g}UQ—FEQ[g}Ug (C.33)

where
o D Ome _ 0m><n Imxm o Omxn 0m><m
Eo = |: DA Omxm :| ’ B = |: D Omxm :| ’ Bz = |: Omxn Imxm(ﬂ:?)ll)
This gives the least squares problem
B
es(M) = Ncs([ 5 }) (C.35)

where

N =Ul @ (Fy— AyEy) + UL @ (By — AyFy) + U © By (C.36)
Remark C.1

We conclude this section by commenting that the cs(-) operation of Rys = ArRss
s given by

CS(R42) = [((OLOL)flOzRgg)T ® OL]CS(A) (0.37)

which define a least squares problem for computing the system matrix A for
known observability matrixz. Note that the column space of Rso coincide with
the column space of the observability matriz, i.e. the observability matriz can
be estimated as the column space of Rss.
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D-SR Toolbox for MATLAB
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D-SR Toolbox for MATLAB

D.1 The DSR function for use with MATLAB

THE ACRONYM:
Deterministic and Stochastic system identification and Realization (DSR).

PURPOSE:
Given the output data matrix Y and the input data matrix U. DSR estimate
the system order n, the matrices A, B, D, E, CF, I’ and the initial state vector
20 in the discrete time, combined deterministic and stochastic dynamic model,
on innovations form:

Tyr1 = Az + Buy+ Cey,  x4—0 = 20, (D.1)
1y = Dxy+ Eup + ey, (D2)

where t is discrete time, C = CF - F~! is the Kalman filter gain matrix and
E(ee] ) = FFT is the innovations noise covariance matrix.

SYNOPSIS:

[A, B, D, E,CF, F,20] = dst(Y, U, L)
[A,B,D,E,CF, F,z0] = dst(Y, U, L, g)
[A,B,D,E,CF, F,z0] =dst(Y,U, L,g,J, M,n)

PARAMETERS ON INPUT:

Y — An (N x m) matrix with output data/observations. N is the number of

observations and m is the number of output variables.
U — An (N X r) matrix with input data/observations. r is the number of
input variables.

L — Integer. Number specifying the future horizon used for predicting the sys-

tem order. Choose L > 0 such that the assumed system order satisfy
n < Lm. L =1 is default.

OPTIONAL INPUT PARAMETERS:
DSR has four optional integer parameters. These parameters is for advanced
use. A description is given below.

g — Integer. Optional model structure parameter. g = 1 is default. If g = 0 then
a model with E = 0,;,x, is estimated. If g = 1 then E is estimated.

J — Integer. Number defining the past horizon used to define the instrumental
variables used to remove future noise. J = L is default and recommended.

M — Integer. With M =1 (default) a simple method for computing CF and F

is used. A more computational expensive method is used when M # 1 .

n  — Integer. Optional specification of model order, 0 < n < Lm.



