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System Identification @

» Why we need the model of the system?

I.  Understand the system well (Loaded Q, Phase calibration, Loop Gain, mathematic model, etl.)

II. For some more complex application ( Adaptive feed forward, MIMO controller, etl.)
» How to “know” the model of the system? (System Identification)

From
FPGA Amp. Main Linac Cavity RF To FPGA /a
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It is either difficult and time-consuming to analyze every component of the RF system



System Identification @

» Why we need the model of the system?

L.
II.

Understand the system well (Loaded Q, Phase calibration, Loop Gain, mathematic model, etl.)

For some more complex application ( Adaptive feed forward, MIMO controller, etl.)

» How to “know” the model of the system? (System Identification)
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System Identification ©O

» Input white noise in the DAC output and read the response from the ADC?

Generate white
noise with FPGA
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System Identification

» Input white noise in the DAC output and read the response from the ADC?
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System Identification (g)

» Input white noise in the DAC output and read the response from the ADC?
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Model choice ©

Deterministic
equations

Physical
knowledge

Detailed
submodels

White

System ID
can do

g

Prior
Knowledge

Grey Black

White I.  Know the system in detail |. Complexity Model

Il. Need prior knowledge
about the system in detail

Grey I.  The structure of the |.  Still require some prior
system can be identified knowledge

Data-based



Model Comparison @

» The comparison of different models
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Performance comparison ©O

> How to evaluate the identified models?

Measured and simulated model output
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Performance comparison

» Which model can represent the system behavior best ?
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Model-based Applications

» What we can do if we “know” the system well?
» Can we evaluate the disturbing signal

MicroPhonics + Lorentz detuning

Klystron Ripple + Beam loading ¢

FF pac  +¥ d Cav
| - e
—
- ¢ i Gp(s) s+ 2z
T Gp(s) = S+p
feedforward table G, 1(s) = sSs+p
p s+z

The cavity inverse
system

d =(s+d)G,(5)-G;(5) - =d




Model-based Applications @

> Remove the evaluated disturbing signald from FF table (Ripples, Beam Loading)

MicroPhonics + Lorentz detuning
Klystron Ripple + Beam loading ¢

Cav

FF pac  +Y d
R— >
s

A \
remove d in the feedforward table

I—;é + ‘ Inv.

J G (s)

Like a Adaptive FF



e

Evaluate the d ©O

» Examples: recover the white noise during the system identification experiment
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The high frequency noise can be
removed by cavity itself



Simulation

©

» Model-Based feedforward vs current feedforward

-

Current FF \
White Noise -

FF pac  +Y d Cav
] - -
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. v G, (s)
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Simulation

©

» Model-Based feedforward vs current feedforward (Matlab / Simulink)
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Summary & Plan

Summary

» System Identification experiment for FB4 and FB5
» Comparison of different identified models

» Idea and simulation of some model-based FF

Plan

» Apply the proposed model-based FF in the cERL

» Other Model-based app.
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Thank you for your attention
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Back up
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Model Based FB optimization ()

» What is the main problem?

I.  Itis difficult to obtain the inverse transfer function matrix G_*(s), too high orders.

II. The G.*(s) can not be realized in some case.

MicroPhonics + Lorentz detuning

Klystron Ripple + Beam loading ¢

d Tips
- DAC N Cav o Connec.:ted another system
. £ - O(s) with G.*(s) to make
U % + + G, (s) sure it can be physically
N : realized.
Fil % Ifthe O(s) is an low-pass
Q(s) Cirl filter, then the d can be still

Q(s)G }(s)| ADC

It
@ evaluated.
d

a=(5+d)Gp(S)-G;1(5)°Q(S)—€°Q(S)=d'Q(S) 20




Simulink Model

» Simulink Model (see AdvancedPIDV1)

[.  We input the microphonics data from ML2 as a disturbing.
I[I. We detect CAV, Pf, and FIL channel in the Simulink model.

Disturbing
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System Transformation O

_ |  0.03S000654857263 + 0.0334211153641832—1 | - —0>Q
m _10_ Hff(z) = HQQ(Z) - OO | .................. ............. ......... ....... ...... ........

1 — 0.9396947669732532~1 + 0.0019064055559372—4
e —0.004920813234186 + 0.0022747201158962~1

. H =
oh =20 re(?) 1—1.4915434186314412~2 + 0.E500670135360722—2

200 S " . T

Hop(z) = (R = 15999, F's = 81.25¢6)

100 ' ' 0.003697606164024
1 — 1.3072600303889542—1 + 0.30104834004016722

Phase [°]
=

-100

2200 S N I I S S N e S e
10 10 Frequency [Hz] 10 10




