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Linear Least Squares
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Linear Least Squares + regularization
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Linear Least Squares + regularization
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Linear Least Squares + regularization
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Linear Least Squares + regularization
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(Gaussian Processes
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Example Kernel
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Continuous complexity tuning
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Continuous complexity tuning
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Linear Least Squares Kernel Based Regression
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Transfter Function Estimation

with Kernel methods
in the frequency domain
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* Frequency domain
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| [l system

* Frequency domain  windowed, periodic signal

Y (k) = G(Q)U(k) + E(k)
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* Frequency domain  windowed, periodic signal
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| [l system

o Frequency domain windowed, non-periodic signal

Y(k) = G(Q)U(k)

E(k)

T(€2)
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| [l system
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 Frequency domain  windowed, non-periodic signal
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Transient term
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Transient term

* Frequency domain, windowed, non-periodic excitation

Y(k) = G(Q)U (k)
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Transient term

* Frequency domain, windowed, non-periodic excitation
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System Equation
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Model as stochastic process
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Model as stochastic process

G

= Gaussian process

frequency
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GP applied to FRF
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Kernel for STABLE systems
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Complex GP LTI

Time domain

g~ gP (Oa KTD)

Frequency domain

G = Fig}

Krp(t1,t2) = E{g(t1)g(t2)}

G ~ GP (0, Krp)

Kip(1,Q) = E {G(Ql)G(QQ)}
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Kernel for STABLE systems
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Decay Rate
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Time correlation
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Kernel for STABLE systems

to  Time domain J2 Frequency domain
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Complex Gaussian process

* Nalve approach
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Complex Gaussian process
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Complex Gaussian process

* Nalve approach
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Complex Gaussian process
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Complex Kernels

I lelcLaNelel
mlirelcLieley

JAN
I' = cov

AR

Mag(I"),dB

- 30

N\

49



Output spectrum as
(Gaussian process

Y = GU+T+E
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Estimating the FRF
Y=GU+T+FE
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Kernel Tuning
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Challenge:
Lowly damped systems
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Lowly damped systems
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Challenge:
Lowly damped systems

resonance
frequency

g(t) = ign(t) / \
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decay rate pole residue

'Resonating’ Kernel

kres,n(taT) — t{g’l”b(t)gTL(T)}

— o~ n(t+T7) (fyl,n cos(wy, (t — 7)) + Y2.n cos(wy (t + 7')))
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Challenge:
Lowly damped systems

resonance
frequency

g(t) = ign(t) / \

gn(t) = 70‘"’5(@,” cos(wpt) + Ca.n Sin(wnt)) Dy, = —Qy L jwn

wn N\

decay rate pole residue

'Resonating' Kernel Starting values hyper parameters?
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Local Rational Method
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| RM — Estimate Poles
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Kernel Methods
Transter Functions

Frequency domain



Kernel Methods - Transfer Functions - Frequency domain

Transients, for finite window lengths
Freguency domain Kernel interpretations
Complex GP, with relation matrix

Prior knowledge on resonances from LRM
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Main messages

Transients, for finite
window lengths

Frequency domain Kernel

Interpretations

Complex GP, with relation
matrix

Prior knowledge on
resonances from LRM
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System identification in the frequency domain

e continuous-time systems
e select frequency band of interest

e non-parametric models of coloured noise

Nonlinear systems
Time- and parameter varying systems

Applications in a.0. HF/RF electronics
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