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 What is LLRF and why do we need it?
 Importance of an event recognition system in LLRF

» Event recognition through Machine Learning/ Machine
Learning in the field of particle accelerator

* First steps: Spark detection in TRIUMF’s cyclotron
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What is LLRF and why do we need it?

Low £ Buncher

DTL (106’\4HZ) HEBT (11.8NMHz)
MEBT . ~ 186008 -~ 866 80 546>
sl \
Rebuncher (35.4MHz) Diagnostic .\
Stripping Foil Station High g
< Chopper (5.9/11.8MHz) Buncher
X Bunch Rotator (106MHz) (35.4MHz)

o

RFQ =

(35.4MHz) E

=
Pre—buncher (11.8MHz)

LEBT
Switchyord
OLIS

Beam travelling along the beam pipe
from the low energy section to the
high energy section and gains its
energy in the different acceleration
structures such as he RFQ or DTL
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Field needs to be synchronized
with the travelling particles
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What is LLRF and why do we need it?
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« Main goal: maintain the stability of the RF field,
and minimize the required overhead power. RF field
depends on:

Amplitude
Phase
Frequency

Field stabilization

- Perturbations can be seen everywhere in an
accelerator and affect the Amplitude, Phase and

Power supply
Temperature drifts
Microphonics

ect.

Beam loading
Lorentz force
detuning

ect.

Pl feedback is the classical way to
deal with random perturbation

Noise
PI-Controller Cavity
X - fl\ y
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Feedforward is the classical way to
deal with repetitive perturbations

—| feedforward

X . -@ »{Pl-Controller Cavity
Setpoint
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Components involved in a LLRF system

transmission
lines
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cryogenics

Ramona Leewe, Ken Fong



Components involved in a LLRF system
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Components involved in a LLRF system

-

Ramona Leewe, Ken Fong



Machine learning in the field of particle accelerators

Neural Networks for Modeling and Control of
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Fault detection and prevention through machine learning; example

EUXFEL: so far quench detection realized

through loaded Q measurement

Q, <threshold

* Problem: Quench detection
after it happened

* New idea: Anomaly
detection of the field to
prevent a quench from
happening?

Machine learning and fault detection in the field of particle

accelerators

Anomaly Detection for the European XFEL
using a Nonlinear Parity Space Method
A. Nawaz* §. Pfeiffer* G. Lichtenberg** P. Rostalski ***

* Dewtsches Elektronen Synchrotron, Hamburg, Germany (e-mail:

*** Unsversity of Luebeck {e-mail: philipp.vostalski@uni-luebeck, de)

ayle, nowaz@desy, de, sven. pfeifferddesy, de).
** University of Applied Science Hambury {e-mail:
lichtenberg@haw-hamburg.de)
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Realization:

Build a cavity model including Lorentz force
and beam loading

Create residuals/error signal through
comparison of simulation and
measurement (database with quenches
must be available)

Plot the residuals with respect to each
other

Clusters within the plot suggest decision
boundaries for online operation

Results:

Anomalies could be detected on an
example set successfully

So far online operated offline, real time
anomaly detection to be tested



Fault detection for TRIUMF’s cyclotron/ spark detection
Part of the cyclotron LLRF system upgrade

Spark detection so far: ldea:

Can we use machine learning to identify a spark?

Can we detect where it occurred in the system?

» Spark indication: -+ Different approaches:

« Abrupt fall of the Dee voltage, increase in reversed
power

___________________________________________________________________________

 Model based

» Requires good knowledge of the
system, exact modelling is important

« Spark detection through rate of change

of the Dee voltage:

 the rate of change of the Dee voltage is measured

« Categorized in  Non model based

« Small - RF drive unchanged . : : :
* Medium - RF drive switched off + quick start * Supervised machine leaming requires

_ _ . : | manual classification of each event and
« Large - RF drive switched off + normal start | ; then trains a neural network

Classification problematic, system can be
damaged if not switched off

Machine learning and fault detection in the field of particle Ramona Leewe, Ken Fong
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Fault detection for TRIUMF’s cyclotron/ spark detection
Part of the cyclotron LLRF system upgrade

Spark detection so far: ldea:

Can we use machine learning to identify a spark?

Can we detect where it occurred in the system?

» Spark indication: -+ Different approaches:

« Abrupt fall of the Dee voltage, increase in reversed
power

___________________________________________________________________________

Model based

» Requires good knowledge of the
system, exact modelling is importa

« Spark detection through rate of change

of the Dee voltage:

 the rate of change of the Dee voltage is measured
» Categorized in

« Non model based

« Small - RF drive unchanged . : : :
* Medium - RF drive switched off + quick start * Supervised machine learning requires

_ _ . : | manual classification of each event and
« Large - RF drive switched off + normal start | ; then trains a neural network

Classification problematic, system can be
damaged if not switched off
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Model-based Spark Classification/ available data from TRIUMF’s
cyclotron
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(more than 68000 images stored) p—
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Model-based Spark Classification/ available data from TRIUMF’s
cyclotron
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Model-based Spark Classification/ available data from TRIUMF’s

cyclotron

Through oscilloscope captured events e s oo oo

Wa fc Infinite(0)

(more than 68000 images stored) e

YOKOGAWA  2019/06/11 14:16:53 Norm:
Running Waiting for trig. 625MS/s

: YOKOGAWA  2010/06/21 13:23:50 NoWgges | @ACO Count
AActionon TRG_ Running Waiting for trig. & Infinite(0)

All Condition

Abort
Edge OR
T

YOKOGAWA  2019/06/16
Running Waitinggs

500mV/div

YOKOGAWA 0/06/11 11:10:38 Norm:Hi-Res  @ACQ Count

Running Waiting for trig. 625MS/s Tnfinite(0)

20us/di
| B ACTION H
DC Full DC Ful X b ! i
500mV/div . 1.00 V/div | 500mV/div i £ ! [Action on TRG

2019/06/12 14:44:42. Norm:HiRes  @ACQ Count

YOKOGAWA
Running Waiting for trig. | 625M5/s Infinite(0)

All Condition

H_

All Condition SRE

i} E

\
vN\MM Action

BB o 290MY Rms(C1) o7 Abort
Freq(C1) Hrx

Action

\ JoUT | CH2INPUT: CH4 INPUT Edg{: OR
4 DC Full DC Full DC Full REREE
SO S¥-17.=E W—— R . o 5 Abort 1 = g 100mV/div  1.00 V/div  500mV/div
Freq(C1) viokx ) 1:1 1:1 11
CHZINPUT | GHENNRDILL) CH4 INPUT EieoR (0T S 034 1T B2
DC Full DC Full DC Full Tix £

300w
1

100mv/div | 1.00 V/div  500mV/div
11 L1 11

Machine learning and fault detection in the field o] pa

Ramona Leewe, Ken Fong
accelerators

YOKOGAWA

Running

2019/06/11 11:54:24 Norm:HiRes  @ACQ Count
Waiting for trig.

All Condition

231my

CH4 INPUT e OR
DCFull DC Full Tix £
1.00

11

DC Full I
100mY/div 500mY/div
11 11

Norm:] @ ACQ Count
625MS/s

All Condition




Model-based Spark Classification/ available data from TRIUMF’s
cyclotron
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Model-based Spark Classification/ available data from TRIUMF’s
cyclotron
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Model-based spark identification/ cyclotron model

Matlab/Simulink toolbox simscape

Dee voltage

=
J

Transmission line system

A'] ' a;][L . &T'l _L»_—?%)

T \ o J_ RF off

J—— g Amplifier =

spark after in Tx 3 spark in amplifier

J_ N spark in/after Tx 2 spark in/after Tx 1
j Resonator

spark in resonator

for amplitude
normalization

+,

f(x)=0
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Model verification

Spark within the resonator RF drive being switched off
; lllq|‘|llaﬂkﬂ% simulation
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Measurement signals are
reconstructed from scope images
through a Matlab script
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Residual generation

Yellow data trace used for pre Residual calculation
classification

- » Pre — classification based on the RF i - » For in increase of the RF drive

~drivein ; | ,

e RFON  gos woonion ol rl = (y — yS|mRF0n )

| * RF off | = 5

r2 — (y o ySImRFonfaiIed )

| - » For a decrease of the RF drive

| :

;= (y — YSIMges )

| .

I :(y_ ySImspark)
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Residuals for 400 captured events

800

. nom!na: i cigw amplitude ' -
an . | 7 HedRFan -jf' » Clear cluster separation for both plots
Increase *
qLie - y « The cyclotron event image database
b can be categorized in terms of the event
& R  All ‘other events’ are located in the
" upper plot. Other events include:
‘ : ‘ : : * Increase in reversed power due to frequency
° '® 2‘:’ %0 0 50 mismatch (e.g. temperature changes)
120 « Change of operating field amplitude
v g P » Builds the foundation for a deeper
analysis for spark events or failed RF on
Decrease = | A events
of RF drive a0 v v
r3
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Summary and Outlook

Summary Outlook, next steps

e The existing images can be Categorized . Analysis.of spark diagnostic with respect to
- with respect to | . the location where they occurred

RE ful « How does a spark develop in vacuum?
on successiu ; | « Add signals like the reversed power or the
RF on failed | ; transmission line signal
RF off events : Long term goal: Online classification and
Sparks | . real time reaction system

Other events

Other Machine Learning application within
LLRF, e.g.

 Failed cyclotron start up events

« Improved start up sequence

______________________________________________________________________________________________________________________________________________________
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Thank you for your attention!
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