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Abstract 
We will introduce an active motion controller that lever-

ages machine learning technology and electric piezo actu-
ators. This controller will be specifically designed for ac-
tive resonance control (ARC) of superconducting radio fre-
quency (SRF) cavities. Our approach involves the initial 
development of a data-driven model to capture the dy-
namic behavior of the system, followed by the construction 
of a model predictive controller (MPC). The accuracy of 
the model has been validated through real cavity testing, 
and we are currently in the process of implementing the 
MPC on the existing hardware of the LCLS-II LLRF sys-
tem. In our paper, we will present simulation results along 
with preliminary test results using actual SRF cavities from 
the LCLS-II SRF linac. 

INTRODUCTION  
Motion control plays an increasingly critical role in 

modern large accelerator facilities, such as 4th generation 
storage ring-based light sources, SRF accelerators, and 
high-performance photon beamlines. In the case of very 
high-Q SRF linacs like LCLS-II, precise cavity resonance 
control is essential to maintain stable operations. Failure to 
do so would necessitate a substantial increase in RF power, 
resulting in higher operational and capital costs due to the 
need for additional RF power sources. 

 
The complexity of motion control in accelerator systems 

arises from the intricate interplay between the beam and 
electromagnetic fields with mechanical energy. For in-
stance, in SRF cavities, electromagnetic modes are closely 
linked with their mechanical counterparts through Lorentz-
force detuning and external microphonics. Due to the non-
linear nature of these couplings, resonance control, espe-
cially for SRF cavities, poses significant challenges. 

 
Recent developments in ARC have shown promise in 

mitigating microphonics-induced detuning by manipulat-
ing piezo tuners. Notable examples of model-based con-
trollers have been demonstrated at facilities like 
CBETA[1], Fermilab[2], DESY[3], and more recently at 
SLAC[4]. 

 
In this paper, we will introduce a data-driven ARC ap-

proach that leverages machine learning, specifically based 
on the Dynamic Model Decomposition (DMD) method. 
Our discussion will begin with modelling of cavity dynam-
ics in the presence of microphonics by DMD, and will in-
clude the simulations of MPC performance. We’ll then 

introduce the initial testing with real cavities. Finally, we 
will draw conclusions based on our study. 

SIMULATION OF CAVITY RESONANCE 
CONTROL BY DMD  

To construct an accurate data-driven model for SRF 
cavi-ty ARC, we employ an equivalent circuit model to 
simu-late cavity dynamics in the presence of microphonics, 

as depicted in Fig. 1. where it has  𝜔𝜔0 = 1
√𝐿𝐿𝐿𝐿

, 𝑅𝑅
𝑄𝑄

= �𝐿𝐿
𝐶𝐶
, cav-

ity half bandwidth 𝜔𝜔1/2 = 𝜔𝜔0
2𝑄𝑄𝐿𝐿

, and 𝑄𝑄𝐿𝐿 cavity loaded Q fac-
tor.  

 
Figure 1: The equivalent circuit model of a cavity. 

 
The transient behavior of the cavity can be described by 

the following equation: 
 
𝑑𝑑𝑽𝑽
𝑑𝑑𝑑𝑑
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𝜔𝜔1/2 0

0 −𝜔𝜔1/2
� 𝑽𝑽𝑔𝑔, (1) 

 
where 𝑽𝑽 = [𝑉𝑉𝑟𝑟  𝑉𝑉𝑖𝑖] is cavity voltage envelop and 𝑽𝑽𝑔𝑔 =

�𝑉𝑉𝑔𝑔𝑔𝑔  𝑉𝑉𝑔𝑔𝑔𝑔� is the generator voltage envelop.  
 
The variation in the resonance frequency of the SRF cav-

ity arises from deformations in the cavity body, initiated by 
fluctuations in helium pressure or the Lorentz force pres-
sure due to the electromagnetic field within the cavity. The 
coupling between cavity deformation and detuning can be 
described using a single mechanical model [5], as follows: 

 
𝑑𝑑
𝑑𝑑𝑑𝑑
�Δ𝜔𝜔𝑚𝑚Δ𝜔̇𝜔𝑚𝑚
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� �Δ𝜔𝜔𝑚𝑚Δ𝜔̇𝜔𝑚𝑚

� + � 0
−𝐾𝐾𝑚𝑚𝜔𝜔𝑚𝑚2

�𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐2 , 

(2) 
 
where 𝜔𝜔𝑚𝑚, 𝑄𝑄𝑚𝑚 and 𝐾𝐾𝑚𝑚 are respectively the mechanical 

mode’s natural frequency, quality factor and coupling fac-
tor. The total detuning of a cavity is the sum of the contri-
butions of all mechanical models, denoted as  Δ𝜔𝜔 =
ΣΔ𝜔𝜔𝑚𝑚. 
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Figure 2: The simulation results of the MPC applied to the LCLS-II SRF cavity reveal a dynamic control process. Initially, 
the cavity is brought from a zero state to its target state solely through MPC control. As the cavity voltage approaches the 
desired target, the LLRF PID control is introduced at around 60 ms, providing fine-tuned control over the cavity field. 
Subsequently, at approximately 800 ms, the cavity is transitioned to a new target, and the LLRF PID control is deactivated. 
The MPC then takes over as the sole controller. Remarkably, the MPC effectively compensates for the substantial Lorentz 
detuning and ultimately stabilizes the cavity, maintaining detuning at around 1 Hz (rms).

Using the equations above, the dynamics of the cavity 
can be simulated. Subsequently, a data-driven model by 
DMD is employed to create a surrogate model. The forced 
cavity system can then be approximated as:  

 
𝑿𝑿′ = 𝐺𝐺 �𝑋𝑋𝑈𝑈�,          (3) 
 
where 𝐺𝐺 is the operator matrix representing the forced 

system dynamics, 𝑿𝑿′ and 𝑿𝑿 respectively two system con-
secutive measurements at time step 𝑘𝑘 + 1 and 𝑘𝑘, and 𝑼𝑼 
control input at time step 𝑘𝑘.  

 
As a result, a MPC is developed and its performance is 

evaluated, as illustrated in Fig. 2. The simulation involves 
the utilization of 32 mechanical modes with frequencies 
within 500 Hz on the LCLS-II SRF cavity, which has a half 
bandwidth of approximately 16 Hz. 

 

Remarkably, the MPC demonstrates exceptional perfor-
mance. It not only effectively maintains cavity detuning 
within 1 Hz (rms), but it also demonstrates the capability 
to navigate the cavity even in the presence of significant 
Lorentz detuning. For further in-depth insights into the 
MPC, readers are encouraged to refer to [6]. 

 

INITIAL TEST WITH CAVITY 
In order to validate the effectiveness of the DMD method 

for modeling forced cavity resonance, real cavity tests were 
conducted. These tests were designed to maximize the ex-
traction of hidden features by the model. To achieve this, 
the generator outputs were intentionally randomized to 
drive the SRF cavity, and a frequency chirp was employed 
to drive the piezo actuator. 

 
The frequency of the piezo driver was maximized at 200 

Hz, encompassing the possible range of microphonics, and 
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its amplitude was set at approximately 20 times the cavity's 
half bandwidth. The sampling rate used for data acquisition 
was carefully chosen to be at least 10 times higher than the 
highest disturbance frequency, and in this case, it was set 
at 16 kHz. 

 
The outcomes of the test are summarized in Fig 3, re-

vealing a test error of approximately 2.5%. 

 
Figure 3: DMD test on LCLS II SRF cavity. 

SUMMARY 
We have successfully demonstrated a surrogate cavity 

resonance control model based on DMD through 

simulations and initial cavity testing. This model will serve 
as the foundation for the development of a MPC designed 
for SRF cavity resonance control. 

 
In the coming phases, our plan involves the implemen-

tation of this MPC on the existing LLRF hardware of the 
LCLS-II machine. Subsequent testing with real cavities 
will provide valuable insights. If our efforts prove success-
ful, this technology has the potential to significantly en-
hance the efficiency and stability of SRF linac operations. 
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