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Single module identification

Full MISO (full input) situation:

Measure output w; of target module and all in-neighbors w,, of w;

Multi-input single-output identification problem
addressed by either a direct or indirect method

Question:
Can we reduce the number of input signals?

Do all in-neighbors of w; need to be included?
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Single module identification

4 input nodes to be measured:
Can we do with less?

Network immersion ]

* Animmersed network is constructed by removing node signals, but leaving the remaining node
signals invariant

* Modules and disturbance signals are adapted
 Abstraction through variable elimination (Kron reduction!?lin network theory).

(11 A. Dankers. PhD Thesis, 2014; TAC 2016. TU/e
(21 . D&rfler and F. Bullo, IEEE Trans. Circuits and Systems |, 2013.



Immersion

TU/e



Immersion




Algebraic formulation of immersion

w g 0 G JD G j= w j (% g u j
wp | = |Gp j Gop  Goz Wp | + |Up| + |Up
Wz Gs j Gz Gzz Wg Vz Uz

Immersion of nodes w. = remove nodes w. from the equations through
Gaussian elimination:

Substituting w- in the above equation delivers:

ol =la, &l e+ )2

while w;, wy, remain invariant.
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Algebraic formulation of immersion

w g 0 G JD G j= w j (% g u j
wp | = |Gp j Gop  Goz Wp | + |Up| + |Up
Wz Gs j Gz Gzz Wg Vz Uz

Immersion of nodes w. = remove nodes w. from the equations through

Gaussian elimination:
(I — Gzl = G + Copun + U U

Wp = ijwj + GopWp + G’DZ(I — Gzz)_l[szwj + Gepwp + vz + Uz} + Up + Uz

TU/e



Algebraic formulation of immersion

w; = GJDUJD + ng(.[ — Gzz)_l[szwj + Gzpwp + vz + ’U,z} + v + Uy
Wp — ijwj + GopWp + GDZ(I - Gzz)_l[szwj + Gzpwp + vz + Uz] + Up + Uz

wj _ 0 Guﬂ) ”LUj_ [17]] [ﬁ]]
[wD] [apj GDD] {wp_ ) T

éjD — [[ - GjZ(I — Gzz)_lGZj]_l GJD + sz([ - GZZ)_lGZD]
Goj = Goj+Gex(I—Gax) LG,

3o = Gop + Gos(I — Gaz) "' Gap

0 = v+ [ =Gl —Go) ' Gey] Gl = Goz) Huz

b = U+ Gpe(I — Gaz) s

TU/e



Immersion

When does immersion of a nhode
leave GY, invariant?
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Immersion

When does immersion of a
node leave G35, invariant?

Proposition
Consider an immersed network where wyand ws are retained.

Then GY, = Gy, if

a) Everypathw; — w2 other than the one through Gg1 passes through a node that is
retained. (parallel paths)

b) Every path w2 — w2 passes through a node that is retained. (loops around the output)

A.G. Dankers et al., TAC, 2016. TU/e
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Sketch of proof

When immersing nodes w:

I 0 sz' Gﬂ;
G’Dj G’D’i G’DD
_sz Gzi GZ‘D

Substitution in first equation:

(I -

GGG

\ 4

QN QN
R

W Uj Uj
wy U; Uj
+ % +
Wp Up Up
Wz Uz Uz

(I - Gzz)wz = Gzjw; + Gopuwn F Uz S

Yw; = Gyw; + Gipwp + By + iz

~

with: Gji = sz' o GjZ(I — Gzz)_lGZi

all paths w; — w; through nodes in w; only

A\ 4

A.G. Dankers et al., TAC, 2016.

all paths w; — w; through nodes in w; only

TU/e
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Formulation in terms of disconnecting set

Consider a module G j;

A node set D€ with {z,7} & D€ contains an internal vertex of every
parallel path from w; to w; and a vertex of every loop around w;

if and only if

Wpe is a disconnecting set from {w@} to N}\{wz}

i.e. wpe disconnects w; from
all other inneighbours of w;

S. Shi et al., Automatica, 2022.
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Single module identification

parallel paths, and loops around the output
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Single module identification

parallel paths, and loops around the output

TU/e



15

Single module identification

parallel paths, and loops around the output
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Single module identification

parallel paths, and loops around the output
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Single module identification

Choose wg as an additional input (to be retained)
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Single module identification

parallel paths, and loops around the output
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Single module identification

parallel paths, and loops around the output
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Single module identification

parallel paths, and loops around the output

TU/e
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Single module identification

Choose wg as an additional node, to be retained

TU/e
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Single module identification

Conclusion:

With a 3-input, 1 output predictor model,
the module G5, remains invariant.

The indirect method can directly be applied
to this reduced-input situation, and provides
consistency

For the direct method the properties of the disturbances
need to be further investigated

TU/e



Invariant modules for a given set of measured nodes

For a selected set of measured nodes: algorithm determines
which modules remain invariant:

eomidqo
Q

Ot Motz —

WG26
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selected nodes invariant modules

TU/e
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Generalization of immersion

Parallel paths and loops around the output can also be blocked by indirect measurements:

e |n stead of measuring w,, we measure a descendant of
wu

@ ’ e Everypath from w; tothat descendant needs to be blocked
g too

“ * Indirect measurements may lead to non-proper modules
b in the ‘immersed’ network

see e.g. Linder and Enqvist!l, Gevers et al.[2l, Weerts et al.53!

(). Linder and M. Engvist. Int. J. Control, 2017. 8] H. Weerts, J. Linder, M. Enqvist & PVdH, Automatica, 2020 TU /e
(2] A. Bazanella, M. Gevers et al., CDC 2017.
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Generalization of immersion - Abstraction

The applied reasoning is to exploit the degrees of freedom in the network representation:

wg|  |Ggs
wz|  |Gszs

Géc
Grr

Gyr
G;%L

Gév
Gry
Gyy

Gév

SZ
Gcé
sz

E 74

e ;,7 € S as well as other measured nodes

e nodes in ) are not measured but indirectly observed by nodes in £

* Remove w3 by solving for the 4th equation.
e Remove wy by solving for the 2nd equation.

~

wr

AR ek
Gﬁg GL,C Wpr

|k

ws
we
wy

Wz

b

e
Ur
uy

Uz

v
Ve
vy

A

Determine conditions under
L0
which Gss = GSS'
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Single module identification — indirect method

Vg

Observation:

With a 3-input, 1 output model we can
consistently identify GY,

with an indirect method:

withD = {1,3,6}; Y = {2}:

e Let 1, be external excitation signals entering the input

node signals wy;
e Then estimate the transfer functions  Twprp, @ 7o — wp
Twyrp = Tp — Wy
e Determine the target module estimate G’zl int G, = Tuj;m . Twym.

TU/e
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Single module identification — indirect method

Vs V7

Indirect method:

Can be applied irrespective of noise correlations

Relies on solving ‘standard open loop’ type of identification problems

Selection of input signals requires knowledge of the network topology

Requires an independent r-signal for each input (expensive)

Does not exploit excitation properties of disturbances

TU/e
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Single module identification

Next step:

Generalize the direct method, to be able to deal with:

= Selections of measured node signals
= Can deal with disturbances with nondiagonal ¢, (w)

so as to exploit the excitation properties of the disturbances.

This is going to be addressed in the local direct method

TU/e
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Software

4\ SYSDYNET implementations:

e Immersion (of a network structure),
while processing known modules and delays

e Parallel-path-and-loop (PPL) test
for a given target module and selected nodes

e Invariant modules
for a given set of selected nodes

TU/e
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Multi-step method for single module

{

[1] Galrinho, et al., TAC, 2019.
[2] Ramaswamy et al., Automatica, 2021.

TU/e



Kernel-based method for MISO identification .

 MISO identification with all modules parameterized

e Brings in two major problems :

» Large number of parameters to estimate
» Model order selection step for each module (CV, AIC, BIC)

—_— Gji

o0 Wk,

* For 5 modules, combinations = 244,140,625 PA

sz
Increases variance
Computationally challenging

Wkp

 We need only the target module. No NUISANCE!

13



Machine learning in Iocal module identification
""W’“w Model

* smaller no. of
parameters
e simpler model order

+ TC Kernel

* scalable to large

WGaussian process M dynamic networks
- + TC Kernel * simpler optimization
. . problems to estimate

. Gaussian. process . parameters
H_)I + TC Kernel Sk, ~ N (0,AkpKigkp)

Maximize marginal likelihood of output data: 7 = argmax p(wj;n)
n=[0 &4 Ay - Ay Bi Bry - Brp, ]

[1] Everitt et al., Automatica 2017. TU/e
[2] K.R. Ramaswamy et al., Automatica, 2021.




Numerical simulation

» Identify G3; given data

V3
V2

Wz W3

» 50 independent MC simulation
» Data =500

o 1FIT for estimated model in dynamic network b, b,
(%2} ' —_ —_— ‘ 0.2 0.2
(S
- = B = RSN TN [ S — -
o
@ —_ . ) -0.2 04
- | —= : -0.4 0.4
8 ! DM+TO DM+MOS EBDM DM+TO DM+MOS EBDM
= 0.5 ! ' a, i
1
g— 0.2 0.2
= 0 I ik 0 I ————————— I ————————— x -
e, 0.2 0.2
= -0.4 -0.4
UL, DM+TO DM+MOS EBDM DM+TO DM+MOS EBDM

TS+TO DM+TO  DM+MOS EBDM
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Kernel-based method for MISO identification

wy(t) = Gou(@) 24| + (Fru(@) — €6 )+ Ta(0)r(0) + &0

Isolate G j;:

w;(t) = Gji(Qwi(t)+) | Gin(Q)wr(t)+) | Hin(@)n(t)+) | Tim(q)rn(t)+&;(t)
k n m

Parametrizing (_}'jk,, ﬁjn, T’;.m as FIR (finite pulse response)
and writing w; := [w;(1) w;(2) ---w;(IN)]T leads to
w; = Wjigj: + Z Wikgjr + Z Rjmtjm + Z Xjnhjn + &;
k m n
with  gj: = [9;:(0) gj:(1) - g;j:(£)] and the other red terms likewise

W,; = Toeplitz(w;) lower triangular, and the other blue terms likewise

TU/e
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Kernel-based method for MISO identification

w; = Wjigji + > Wikgik + Y Rimtim + Y Xjnhjn +&;
k ™m n

w; = Wj;igji + Ws + & with s a concatenated (nuisance) parameter vector
Gaussian process modeling: £ ~N(0,%), =021y
gjk(1) akD ‘ 0 tim(1) alt ’ 0 Jn, -
o e e O N R o e O N .0
gjk(e) K:;k tjm(ﬁ) K:m h’j"( ) Kn,n
with first order stable spline kernels: [Kglay := 8™%(®Y)
Ky, 0 0 K, :=diag(Kg1- - Kgn,)
SNN(O,K) K:=|10 K:; 0 7 4K g,dK > dinel
0 0 K, an t,m an h,n accordingly

TU/e



Kernel-based method for MISO identification

S [0 I O0f |s
= + has a Gaussian joint pdf with known covariance matrix
[ ] _Wjigji] [W I ] H

s | 0 K KWT
p([ m)NNquigﬁ]’[WK p D Pi=3+ WKW

el

with 7) the collection of parameters @ in g;;, plus all hyperparameters a, 3, A of the kernels
and o2

The marginal likelihood is then given by: p(w;;n) ~ N (Wj;g,i, P)
Maximizing this (Empirical Bayes approach[1]):
i) = arg max p(w;; 1)
= arg mnin logdet(P) + (w; — Gj:ig;:) P~ (w; — Gj:9,:)

[1] Maritz & Lwin, Chapman&Hall, 1989. TU/e
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Software

e SYSDYNET implementations

Identification window:
- PEM

- Multistep

OE
Kernel-based

4] Tu/e Dynamic Network App

a X
File Actions View Highlight Edit Operations Identifiabiity Predictor Model Identiiication TopologyEstimation Diagnostics Help
- K aie )
Dynamic Network: Identification TU/e &t
Data Predictor models Identified models
‘Node (w)
e Module (G)
[+][e)(2) (=] (W] (me] E

Exciation signal (u)
Disturbance signal (v)
Measured nodes
Target module

pred_{-node_EBLOM

sedque

‘Time domain network data set
N=1000, Ts = 1.000000
Exc signals: r1, 12
Node signals: w1, w2, w3, w4

Single module mulistep predictor
model

Predictor model graph Model evaluation

wi

it Full netwrork
i

Target Identification
o N | Onject [Single moduls Method | MuliStep )
| Gk Target [G12 Estimation [Kemel-based v | ]
N [ Run identification |
-

7 19-Sep-2025 11:42:36: Succesfully identified module using MultiStep method with Kemel-based estimation. Added model o list
of identified models.
19-Sep-2025 11:40:31: File D:\Paul] W
o1 node_MS._mat was loaded successfully
19-Sep-2025 09:28:44: Analysis done, all selecled conditions are satisfied .
19807075 09 7231 Analvsis done. Al seleciad condifions are safisfied

,_ Multistep_} \adj_d-

pred_4-node_EBLOM

Single module multistep predictor
model

pred_s-node_EBLDM

=B(w) e

01212
01272

TU/e
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