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ABSTRACT

In this experimental study, we use a data-driven machine learning framework based on genetic programing (GP) to discover model-free con-
trol laws (individuals) for suppressing self-excited thermoacoustic oscillations in a prototypical laminar combustor. This GP framework relies
on an evolutionary algorithm to make decisions based on natural selection. Starting from an initial generation of individuals, we rank their
performance based on a cost function that accounts for the trade-off between the state cost (thermoacoustic amplitude) and the input cost
(actuator power). We then breed subsequent generations of individuals via a tournament in which the direct forwarding of elite individuals
occurs alongside genetic operations such as mutation, replication, and crossover. We implement this GP control framework in both closed-
loop and open-loop forms, followed by benchmarking against conventional open-loop control based on time-periodic forcing. We find that
while all three control strategies can achieve similarly large reductions in thermoacoustic amplitude, GP closed-loop control consumes the
least actuator power, making it the most efficient. It achieves this efficiency by learning an actuation mechanism that exploits the strong heat-
release-rate amplification of the open flame at its preferred mode, even though the GP algorithm has never seen the open flame itself. This
study demonstrates the feasibility of using GP to discover new and more efficient model-free individuals for suppressing self-excited thermo-
acoustic oscillations, providing a promising approach to data-driven feedback control of combustion devices.
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I. INTRODUCTION

In gas turbines and rocket engines, the coupled interactions
between unsteady heat release and sound can generate large-amplitude
self-excited flow oscillations, known as thermoacoustic instability."2 If
left uncontrolled, such oscillations can damage the system hardware
and exacerbate pollutant emissions, impairing reliability, efficiency,
and operability.”

Thermoacoustic instability can be controlled with passive or
active methods.” With either method, the goal is to weaken the
thermoacoustic driving mechanisms (e.g., mixture-strength coupling,

flow instabilities, entropy waves) and/or strengthen the damping
mechanisms.” ” Passive control is usually preferred as it does not
require an external energy input, but its implementation requires a
detailed understanding of the thermoacoustic feedback processes."”
This understanding is not always attainable owing to the nonlinearity
and sensitivity of the multi-scale interactions among combustion,
hydrodynamics, and acoustics.” '* Active control in the form of open-
loop time-periodic forcing, referred to hereafter as open-loop control
(OLC), can be effective even without a detailed understanding of the
system,"” ' but it tends to adapt poorly to changes in operating
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conditions.'”"® By contrast, closed-loop control can adapt more read-

ily, but most feedback algorithms are designed around a low-order
model of the thermoacoustic system,'” " which is not always available
or reliable. It is thus helpful to explore alternative approaches to
closed-loop control that do not require a system model.

In this experimental study, we use a data-driven framework
known as machine learning (ML) control,”* or more precisely genetic
programing (GP) control,” to discover model-free control laws for
suppressing self-excited thermoacoustic oscillations in combustion sys-
tems. This framework relies on an evolutionary algorithm to make
decisions based on natural selection: a group of individuals (i.e., candi-
date control laws), which are collectively known as a generation, com-
pete at a control task defined by a cost function.”” The performance of
each individual is evaluated, and specific rules are set to spread the
genes of successful individuals to the next generation. In this way, opti-
mal solutions can be found in a search space containing many dimen-
sions and extrema.”

GP improves on a common type of evolutionary algorithm
known as genetic algorithms (GAs). While GAs are limited to optimiz-
ing the parameters of a predefined control law (i.e., for controller tun-
ing), GP enables the optimization of both the control-law structure
and its parameters, expanding the search space for model-free individ-
uals.”” GP also improves on artificial neural networks by outputting
the control law as a functional expression, which can be analyzed to
gain insight into the flow physics. GP control has been benchmarked
on low-order dynamical systems,”” revealing that (i) it can outperform
linear control in weakly nonlinear systems and (ii) it can identify the
strongly nonlinear actuation mechanisms in systems with uncontrolla-
ble linear dynamics.

In fluid mechanics, GP has been successfully applied to various
control problems. In seminal experiments, Gautier et al.”* used GP
closed-loop control (GCC) to shrink the recirculation zone behind a
backward-facing step, with actuation provided by a slotted jet and
sensing provided by particle image velocimetry. They found that after
just 12 generations, GCC can outperform the best OLC strategy. This
was achieved by learning a novel actuation mechanism: rather than
exciting the Kelvin-Helmholtz mode of the shear layers, the optimal
GCC law excites the low-frequency flapping mode of the recirculation
bubble.”* Shortly after, Debien et al.” used a similar GCC strategy to
limit the separation of a turbulent boundary layer, with actuation pro-
vided by active vortex generators and sensing provided by hot-film
and pressure transducers. Again, GCC was found to outperform the
best OLC strategy, but this time, the actuation mechanism worked by
enhancing the growth rate of the shear layer, rather than by locking in
the shedding mode via forced synchronization.”” Meanwhile,
Parezanovi et al.”® showed that GCC can outperform OLC in induc-
ing synchronization in a turbulent shear layer. In recent years, various
forms of GP control have been demonstrated on many other flow
problems, such as reducing the aerodynamic drag of a car,”” stabilizing
the wake of a triple-cylinder cluster (a fluidic pinball),”® and enhancing
mixing in jet flows.”

In combustion, Liu et al.” explored the use of GP to suppress
self-excited thermoacoustic oscillations. They showed that GP open-
loop control (GOC), as implemented via linear GP, can outperform
conventional OLC in reducing the thermoacoustic amplitude and NO,,
emissions of a lean premixed flame in a tube combustor. In the present
study, we extend the work of Liu ef al’’ in several ways. First, rather
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than applying only GOC and time-periodic OLC, we apply GCC as
well, using a single sensor (pressure transducer) and a single actuator
(loudspeaker). Crucially, unlike in previous work,”” our actuator signal
is not limited to square waveforms but can take on arbitrary wave-
forms. Second, rather than including just the state cost (thermo-
acoustic amplitude) in the cost function, we include the input cost as
well, accounting explicitly for the actuator power required to produce
a given reduction in the thermoacoustic amplitude. Third, while Liu
et al.”’ used averaged flame images and Rayleigh index maps to attri-
bute the efficacy of GOC to an impairment in convective flame
motion, we attempt to explain the actuation mechanism in terms of
the receptivity of the open flame response. All three of these extensions
are fundamental. In the first extension, we introduce feedback in the
real-time control loop, switching from GOC with square actuator
waveforms to GCC with arbitrary actuator waveforms. In the second
extension, our inclusion of the input cost (actuator power) in the cost
function enables the preferred mode of the open flame to be identified
as the key actuation mechanism, yielding the third extension.

The key aims of this study are (i) to experimentally demonstrate
that self-excited thermoacoustic oscillations can be efficiently sup-
pressed via a data-driven ML framework based on GCG; (ii) to bench-
mark the model-free individuals from GCC against those from GOC
and OLG; and (iii) to uncover the actuation mechanisms by which GP
can suppress self-excited thermoacoustic oscillations. Although practi-
cal combustion devices are almost always turbulent, we focus here on a
laminar system so as to validate the GP control framework and estab-
lish baseline individuals in a relatively quiet environment with only
limited degrees of freedom, free from turbulence-induced noise and its
associated effects.'”' " Validating GP control in this way should
open up further opportunities for its application to turbulent
combustors.

Il. EXPERIMENTAL SETUP

The experimental setup, shown in Fig. 1, is identical to that used
in our previous studies on the forced synchronization of self-excited
thermoacoustic oscillations.'** " Tts design is based on a flame-
driven Rijke tube:’” a central burner tube (inner diameter, ID
16.8 mm; length 800 mm; stainless steel) capped with an extension tip
(exit ID of D= 12 mm; length 30 mm; copper) is used to generate a
laminar premixed flame (LPG-air mixture) in a tube combustor with
open boundaries at both ends (ID 44 mm; length 860 mm; quartz).
The premixed flame is located at z/L = 0.58, where z is the distance
from the exit of the extension tip to the bottom of the combustor
whose total length is L. The volumetric flow rates of air and LPG are
10.5 and 0.22 standard liters per minute (SLPM), respectively. This
yields a bulk reactant velocity of # = 1.6 m/s (£0.6%), an equivalence
ratio of 0.62 (+3.2%), a thermal flame power of 430 W (£4.6%), and a
Reynolds number of Re = puD/u = 1300 (£1.2%), where p and u
are the density and the dynamic viscosity of the reactant mixture,
respectively. This operating condition is identical to that of our previ-
ous study,'® providing an established baseline.

For actuation, a loudspeaker (FaitalPRO 6FE100) driven by a
power amplifier is used to generate acoustic perturbations to the flame.
For sensing, a probe microphone (GRAS 40SA; sensitivity 3 mV/Pa;
+2.5 x 107> Pa) is used to measure the thermoacoustic amplitude in
terms of the pressure fluctuations in the combustor, p’. In our GP con-
trol experiments, the microphone is mounted near the middle of the
combustor (z/L = 0.45) as this is near the pressure anti-node (see Sec.
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FIG. 1. Schematic of the experimental setup consisting of a flame-driven Rijke tube
acted on by three different control strategies: GCC, GOC, and OLC. The measure-
ment diagnostics include a probe microphone (PM), a photomultiplier tube (PMT),
and a high-speed camera (HSC, not used). The PM output (acoustic pressure, p’)
is the main sensor signal.

IV A), boosting the signal-to-noise ratio. The heat-release-rate (HRR)
fluctuations of the flame, ¢', are measured via its CH" chemilumines-
cence emission using a photomultiplier tube (Thorlabs PMMO1)
equipped with a bandpass optical filter (430 nm). For post-processing,
the microphone, photomultiplier, and loudspeaker signals are recorded
simultaneously at 10kHz using a data acquisition device (DAQ: NI
USB-6356). The computing hardware used for GP control will be dis-
cussed in Sec. II1.

11l. GP CONTROL FRAMEWORK

The GCC framework consists of two main loops:** (i) a slow loop
for discovering closed-loop individuals via GP and (ii) a fast loop for
the real-time application of the closed-loop individuals discovered in
the slow loop. The fast loop is therefore a classic feedback control loop,
which is hosted on a 32-bit programable microcontroller (Arduino
Due; Fig. 1). This loop takes a sensor signal from the probe micro-
phone, processes it via a GP individual, and outputs an actuation signal
to the loudspeaker, as per the hardware discussed in Sec. I1.

The slow GP loop has three main steps, as shown in Fig. 2: (i) ini-
tializing a generation, (ii) evaluating a generation, and (iii) breeding
further generations. In this study, we express the GCC laws, which are
the individuals populating a generation,” as syntax trees (bottom left
of Fig. 2). The leaves (squares) of a syntax tree denote constants or
inputs, while the nodes (circles) denote basic functions and operators
(Table I). The actuation signal fed into the power amplifier (control
output) is expressed mathematically as b, = K/ (x), where K] is the ith
individual of the jth generation. The input signal is defined as
x = p'/{|p.|)7> which is the instantaneous pressure fluctuation with
control (p') normalized by the average fluctuation amplitude without
control ({|p.|);), where (-); denotes time averaging over interval
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T'=2s. We initialize the first generation with N;= 100 individuals to
create a relatively large initial search space, enhancing the genetic
diversity of the population (Table T). In subsequent generations, we use
a smaller value of N;=60 to reduce the GP training time without
sacrificing control performance.

After initializing the first generation of individuals, we evaluate
them using the cost function J = (S);. + &(|B'[);,, where T, =2s is
the evaluation time, S = |p’|/(|p’.|) - and |B| is the voltage fluctuation
amplitude fed into the loudspeaker, after passing through the power
amplifier. Thus, the cost function is the sum of the state cost (thermo-
acoustic amplitude) and the input cost (actuator power), whose relative
weighting is set with the penalization coefficient &; a low (high) value
of ¢ favors (sacrifices) performance over economy. We use ¢ = 1.5
based on the success of previous GP experiments.”” We apply each
individual for 8 s, using the final T, =2 s to evaluate J, before deactivat-
ing the individual. Then, we allow for a dwell time of 6 s before apply-
ing the next individual. Given that the transient response time of the
system is around 1s [Fig. 5(a)], these time intervals are long enough
for the controlled system to reach a statistically stationary state and for
the uncontrolled system to return to its natural self-excited state.

To breed the next generation, we rank all the individuals in the
current generation using a tournament based on J/. The new genera-
tion has three components:zz’23 (i) elite individuals, which are top-
performing individuals forwarded without modification from the cur-
rent generation; (i) individuals bred via genetic operations, such as
crossover, mutation, and replication; and (iii) freshly generated indi-
viduals to maintain genetic diversity. Here, replication involves ran-
domly selecting branches of individuals and forwarding them to the
next generation; mutation involves randomly replacing certain
branches; and crossover involves randomly selecting two elite individ-
uals and swapping some of their branches. We set the probability of
each genetic operation (P, for crossover, P, for mutation, and P, for
replication) by considering a balance between (i) introducing new
branches, which enhances genetic diversity, and (ii) exploiting existing
successful branches, which aids in convergence.”” The GP algorithm
can accept a range of probability combinations, but typically
P. > P, > P,. For example, previous studies have used combinations
such as (P, P,,P,) = (0.7,0.2,0.1),">** (0.6,0.3,0.1),”" and
(0.5,0.4,0.1).””" A high P. accelerates convergence, while a high P,
promotes exploration and hence genetic diversity. In our GP experi-
ments, we use the combination (P, P,,, P,) = (0.5,0.4,0.1) to bal-
ance genetic diversity and convergence. Moreover, the number of
function operations is determined by the depth (i.e., the number of lev-
els or layers) of the syntax tree, which is the maximum distance
between any leaf and the root.”” We set the depth to be between 3 and
8, balancing complexity and computational cost. As is typical for GP
control,”””" we prescreen each individual to ensure that its output con-
tains only real numbers with magnitudes that cannot damage the actu-
ator. If an individual is mathematically invalid or poses a risk to the
actuator, it is promptly removed. Table I summarizes the parameters
and probabilities used in our implementation of GP control.

IV. RESULTS AND DISCUSSION
A. Uncontrolled system: Baseline characteristics

Before presenting the results from GP control, it is helpful to
examine the baseline characteristics of the uncontrolled system, whose
operating conditions were reported in Sec. II. This system is
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FIG. 2. Architecture of the GP control framework with two main loops:** a slow loop for discovering individuals via GP, and a fast loop for real-time feedback control. Here, K{

is the ith individual of the jth generation, and J{ is its cost function.

TABLE |. Parameters and probabilities of the GP algorithm.

Parameters or probabilities Value

10
Generation 1: 100
Generations 2-10: 60

5 (+1 with each gen.)

Number of generations, N‘g

Size of a generation, N

Number of elite individuals, Ng

Crossover probability, P, 0.5

Mutation probability, P,, 0.4

Replication probability, P, 0.1

Evaluation time, T, 2s

Penalization coefficient, & 1.5

Constant range [-3,3]

Node functions +,—,%,/, sin, cos, exp, log

thermoacoustically unstable, with self-excited limit-cycle oscillations
occurring at a natural frequency of f, = 255 = 1.5 Hz."® From this f,
value and a mean fluid temperature of 185 = 5°C in the combustor,
the half-wavelength of an acoustic standing mode is 866 mm, which is
close to the combustor length (L =860mm). As the combustor is
open at both ends, this indicates a fundamental standing mode, with
pressure nodes at both ends and a pressure anti-node near the mid-
dle.'® This explains why the microphone is located near the middle of
the combustor (see Sec. II: z/L = 0.45).

B. GP closed-loop control (GCC)

First, we show in Fig. 3 the convergence history of GCC in terms
of J. As the number of generations increases from j=1 to 10, more
and more individuals can achieve ] values approaching 0 [Fig. 3(a)].
Here, the ] values of the best 30 individuals of each generation are
shown, with the last generation (j = 10) highlighted in red. The rapid
convergence of the GP algorithm can also be seen in Fig. 3(b), which
shows the average J of the best 10 individuals of each generation, J, ;.
As the number of generations increases, ', _,, starts off near 1 but rap-
idly approaches 0 after just the second generation. Thus, for conserva-
tiveness, we breed a total of Ny= 10 generations before extracting the
optimal GCC individual, defined here to be the GCC individual with
the lowest value of J.

Next, we visualize the control landscape on a 2D proximity map.
We use classic multi-dimensional scaling”” to find a centered represen-
tation of points T' = [, 75, ..., Yx] With 71, 75, ..., yy € R? such that
the pairwise distances of the individuals approximate the true distan-
ces. To quantify the dissimilarity between any two individuals, K;,, and
K, with 1< m7 n<N, we define the matrix Dm "

= [(Bisyn = Bmo)” + (= 1)1 + olfw — |, Here, 1 = (p),,
D)/ P> Where pl, ~and pl, . denote the root mean square
(rms) of the pressure fluctuations with and without control, respec-
tively. The first term is the difference between two individuals in terms
of the actuator power and the thermoacoustic amplitude reduction,
while the second term penalizes the difference between their J values,
with & = 1 used to smoothen the control landscape.””
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FIG. 3. Convergence history of GCC: (a) J values for the best 30 individuals of
each generation and (b) the average J of the best ten individuals of each genera-
tion, both shown as the number of generations increases from j= 1 to 10.

Figure 4 shows the control landscape on a 2D proximity map
defined by [y,,7;,] € R?. Each GCC individual is represented by a dis-
crete marker whose color corresponds to its J value, with the uncon-
trolled case (magenta triangle) shown as the baseline. A total of 640
individuals are tested, but only 446 unique individuals are shown in
Fig. 4 because some are duplicates or lead to flame blow-off. This prox-
imity map reveals that the best GCC individuals (i.e., those with low J)
cluster near a spot on the far right, with the rest forming a distributed
arc along the bottom left. The optimal GCC individual has an exceed-
ingly low value of the cost function (J= 0.030), with a functional form
of b(x)= exp(x/(exp(x) — x) + sin(sin(—3.0)) x 2x). The functional
forms of the top 25 GCC individuals, and their input-output curves,
can be found in the Appendix.

Figure 5 shows time traces of p’ and B’ for the optimal GCC indi-
vidual from Fig. 4. After GCC is activated at t =15, the amplitude of p’
drops rapidly from an uncontrolled value of 50 Pa [Fig. 5(b)] to a con-
trolled value of around 1Pa [Fig. 5(d)]. After this initial transient, p’
remains at a negligible level, while B’ remains within =40 mV follow-
ing a starting burst. This low-amplitude state persists until GCC is
deactivated at t=19 s, after which the system returns to its original
(uncontrolled) state without any signs of hysteresis. Figure 5(b) shows
that B’ fluctuates significantly at large positive values but appears trun-
cated at large negative values. The former and latter features can be
attributed to the hump part (x &~ +1) and flat part (x ~ —1), respec-
tively, of the optimal input-output curve shown in Fig. 4 (inset).
Moreover, a strong degree of correlation can be seen between the p’
and B’ signals at low |p/| [Figs. 5(c) and 5(d)]. This occurs because the
input-output curve of the optimal GCC individual is approximately
linear when x ~ 0 [see Fig. 4 (inset)], which enables phase information
to pass directly from p’ to B', enhancing their correlation.

To understand the actuation mechanism learned by GCC, we
examine the power spectral density (PSD) of B’ for 20 elite individuals
[Fig. 6(a)] and 30 non-elite individuals [Fig. 6(b)]. Almost all the elite
individuals, including the optimal GCC individual, share a common
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FIG. 4. Control landscape on a 2D proximity map containing all the GCC individu-
als, including the optimal one (blue square) and the uncontrolled case (magenta tri-
angle). Representative time traces of p’ are also shown, alongside the input-output
curve for the optimal GCC individual.

PSD signature [Fig. 6(a)]: the highest peak is at the natural frequency
of the self-excited thermoacoustic mode (f,,) and is accompanied by
weaker harmonics (2f, and 3f,), while a strong peak appears at a
seemingly arbitrary frequency of f, = 0.77f,. Later, we will see that f;
actually corresponds to the frequency of maximum gain for the open
(unconfined) flame. By contrast, none of the non-elite individuals
shows any evidence of the f, mode in the PSD [Fig. 6(b)]. Thus, we
conclude that excitation at f, plays a pivotal role in suppressing the
self-excited thermoacoustic oscillations of this combustion system.

To explore the evolution of the f, mode, we show in Fig. 7 the
PSD of B, p', and 4’ over time. Before GCC is activated at f =1, both
p’ and ¢ oscillate predominantly at f,. After GCC is activated, the
dominant frequency of p’ and ¢’ remains at f, initially but then
switches to f,, although its amplitude is relatively low. This coincides
exactly with a switch in spectral energy from f, to f; in B’ [Fig. 7(a)]
along with a marked drop in the amplitude of p’ (Fig. 5), providing evi-
dence of a link between the f, mode and the thermoacoustic
amplitude.

To identify the physical origin of the f, mode, we note that Roy
et al” recently investigated the open-loop control of self-excited
thermoacoustic oscillations in a laminar premixed combustor. They
showed that the inherent flame dynamics play a key role in determining
the actuation frequency at which oscillation quenching occurs. Thus,
we perform additional experiments without the combustor installed,
leaving the flame unconfined and hence free of acoustic resonance. We
subject the open flame to open-loop time-periodic acoustic forcing at
different frequencies (f) and amplitudes (u'/#); here, #/' is the ampli-
tude of the velocity perturbations at the burner exit and # is the time-
averaged bulk velocity of the premixed reactants.'® Figure 8 shows the
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FIG. 5. Optimal GCC individual from Fig. 4: time traces of p’ and B’ for different temporal window sizes.

1000

Individual 1 0 f (Hz)

FIG. 6. Various GCC individuals: PSD of B’ from (a) 20 elite individuals, with the
optimal GCC individual from Fig. 4 shown as “Individual 1,” and (b) 30 poorly per-
forming individuals selected from the non-elite group.

gain G = |(q'/q)/ (' /)| of the flame describing function.'”*" A pro-
nounced peak in G appears at f, = 0.77f, for low u'/u, indicating
that the HRR response of the open flame is exceptionally strong at
this specific frequency. We speculate that this is why GCC has
decided to act at fg: it has learned to exploit the strong amplifica-
tion at that frequency, efficiently converting even low-power actua-
tion into a large reduction in thermoacoustic amplitude, possibly

Control off

Control off

Control off

D (dB/Hz) PSD (dB/Hz) PSD (dB/Hz)

=3
>
S

FIG. 7. Optimal GCC individual from Fig. 4: PSD of (a) B/, (b) p/, and (c) ¢’ as a
function of time. GCC is activated at t=1's and deactivated at t=9s.

. . 15,16,40 . s
via asynchronous quenching. ™ ™" It is promising how GCC can

identify this actuation mechanism involving the preferred mode
(fg) of the open flame, even though it has only ever seen the flame
in an acoustically coupled configuration.

C. Benchmarking GCC against GOC and OLC

We now benchmark the optimal individual from GCC (Sec.
IV B) against those from GOC and OLC. For GOC, we use linear GP
control”"" to optimize the parameters of harmonic functions within
an open-loop framework. We implement this experimentally using a
LabVIEW module, rather than the micro-controller from Sec. IV B
(Fig. 1). The GOC individuals are formulated as b(t) = K[x(t)], where
x(t) is a harmonic function encapsulating the input. We define
x;(t) = sin(2mkf,t), where k; ranges from 0.2 to 3 with a step
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FIG. 8. Gain of the flame describing function with no combustor installed. The fre-

quency at maximum gain for low v/ /u is fy; = 0.77f,, which matches the dominant
frequency of B seen in the optimal GCC individual from Fig. 4.

u'/u 0.2 0.4

size of 0.01. After ten generations, the optimal GOC individual is
found to be b(t) = 0.7 sin[cos(x(t))] with x(t) = sin(2nkf,t) and
k= 0.41. For OLC, we refer to the results of our previous study.'®

Figure 9 uses Pareto diagrams to compare the three control strat-
egies (GCC, GOC, OLC) in a parameter space defined by the input
cost (B,,,,,) and the state cost (17). For GCC [Fig. 9(a)], the best individ-
uals are located at the bottom left, producing a large reduction in
thermoacoustic amplitude with minimal actuation power. The worst
individuals are distributed toward the top right, where some can actu-
ally increase the thermoacoustic amplitude relative to the uncontrolled
state (1 > 0). For GOC [Fig. 9(b)], a similar pattern to GCC is
observed, except that the worst individuals are lined up at =~ 0,
implying that they have little influence on the thermoacoustic ampli-
tude, irrespective of the actuation power consumed. For OLC
[Fig. 9(c)], the best control laws are again located at the bottom left,
but the rest are more broadly distributed than those from GCC and
GOC owing to the brute force nature of the open-loop mapping strat-
egy.'® Figure 9(d) shows a magnified view of the best individuals from
all three control strategies. The optimal individuals (Kgce, Koo
Korc), as defined by the lowest J, are highlighted with hollow magenta
markers. We find that K¢ outperforms both Kgoc and Koy c in two
ways: it produces the largest reduction in thermoacoustic amplitude
(17) while consuming the least actuator power (B,,,,), thereby yielding
the lowest ] value among all three control strategies. The superiority of
GCC can be seen quantitatively in Fig. 10, which compares not just the
optimal individuals with the lowest ] (Kgce, Kcoc Korc) but also the
GOC and OLC individuals with the lowest 1 (Kgoc,y; Korc,y)- We
find that Kgoc, Kgoc,y» Kowc, and Kogc,, can all achieve similar levels
of thermoacoustic amplitude reduction as Kgcc (namely, n =~ —96 to
—99%), but the former individuals require 2.7 to 9.2 times the voltage
as Kgce This explains why Kgcc has such a low value of the cost func-
tion (J=0.030) in comparison with the other control strategies.

V. CONCLUSIONS

In this experimental study, we have demonstrated that self-
excited thermoacoustic oscillations in a laminar premixed combustor
can be suppressed efficiently using genetic programing (GP). This is a
data-driven machine learning framework that enables control laws
(i.e., individuals) to be discovered even without access to a system
model. It relies on an evolutionary algorithm to make decisions based
on natural selection: individuals in a generation compete at a control
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are highlighted with hollow magenta makers. In panel (d), the GOC and OLC individ-
uals with the lowest # (not the lowest J) are highlighted with hollow black markers.
The GCC individual with the lowest 7 is also the optimal GCC individual Kgcc.

task defined by a cost function. The performance of each individual is
evaluated, and rules are set to spread the genes of successful individuals
to the next generation. In this way, optimal solutions can be identified
in a diverse search space.

First, we applied GP closed-loop control (GCC) to the combustor
using a single sensor (pressure transducer) and a single actuator (loud-
speaker). We found that the optimal GCC individual can reduce the
thermoacoustic amplitude by over 98% relative to the uncontrolled
state while consuming only minimal actuator power. In benchmarking
tests, we found that GCC can outperform both GP open-loop control
(GOC) and conventional open-loop control (OLC) based on time-
periodic forcing, achieving not just the largest reduction in thermo-
acoustic amplitude but also consuming the least actuator power.

The efficiency of GCC was attributed to the GP algorithm learn-
ing by itself an actuation mechanism that exploits the strong amplifica-
tion of the heat-release-rate (HRR) response of the open flame at its
preferred mode. This mode corresponds to the frequency at which the
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FIG. 10. Comparison of the (a) cost function, (b) thermoacoustic amplitude reduc-
tion, and (c) actuator voltage for the five individuals highlighted in Fig. 9(d).
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gain of the flame describing function peaks at low perturbation ampli-
tudes. The GP algorithm could identify and exploit this strong HRR
amplification of the open flame for thermoacoustic suppression,
despite only ever seeing the flame in its acoustically coupled configura-
tion (i.e., surrounded by a combustor). Current work includes applying
GCC to turbulent combustors with additional degrees of freedom
where the dynamics are dominated by strong nonlinearity, multi-scale
flow structures, and noisy high-dimensional features.
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APPENDIX: TOP-PERFORMING GP FEEDBACK
CONTROL LAWS

In Table II, we show the functional forms of the top 25 GCC
individuals from the entire GP evaluation process across all ten gen-
erations. These individuals (K; — K,5) are sorted by the value of the
cost function J. Their corresponding input-output curves are shown
in Fig. 11. We find that nearly all the input-output curves exhibit
an S-shaped trend. From Table II, we find that most of the individu-
als contain similar branches because these top-performing

Individual Functional form J

K, b = exp(x/(exp(x) — x)) x exp(sin(sin(—3.0)) x 2x) 0.0302
K, b = exp(x/(exp(x) — sin(x))) x exp(sin(sin(—3.0)) x (x + sin(x))) 0.0307
K; b = exp(x/(exp(x) — x)) x exp(sin(sin(—3.0)) x (x + sin(x))) 0.0317
K, b = exp(x/(exp(x) — sin(x))) x exp(sin(sin(—3.0)) X 2x) 0.0318
Ks b = exp(x/(exp(x) — x)) x exp(sin(—3.0) x 2sin(x)) 0.0319
Ks b = exp(x/(exp(x) — x)) x exp(sin(—3.0) x (x + sin(x))) 0.0321
K; b = exp(x/(exp(x) — sin(x))) x exp(sin(—3.0) x 2x) 0.0327
Ky b = exp(x/(exp(x) — sin(x))) x exp(sin(—3.0) x (x + sin(x))) 0.0334
Ky b = exp(x/(exp(x) — sin(x))) x exp(sin(—3.0) x 2sin(x)) 0.0336
Ko b = exp(x/(exp(x) — x)) x exp(sin(—3.0) x 2x) 0.0348
Ky, b = exp(x/(exp(x) — x)) x exp(sin(—3.0) x x) 0.0358
Ky, b = exp(x/(exp(x) — x)) x exp(sin(—3.0) x (2x — 0.3)) 0.0362
K3 b = exp(x) x exp(log(cos(x)) x 2x) 0.0367
K4 b = exp(x/(exp(x) — x)) x exp(sin(—3.0) x (sin(—3.0) + sin(x))) 0.0368
Kis b = exp(x/(exp(x) — x)) X exp(sin(sin(—3.0)) x x) 0.0368
Kis b = exp(x/(exp(x) — x)) X exp(sin(—3.0) x (sin(—3.0) + x)) 0.0372
K7 b = exp(cos(1.4 x sin(—2.5)) x sin(sin(sin(x)))) 0.0386
Ky b = exp(x/(exp(x) — x)) x exp(sin(sin(—3.0)) x (sin(x) + sin(x))) 0.0422
Ko b = exp(x/(exp(x) — sin(x))) x exp(sin(—3.0) x (sin(x) + 0.9)) 0.0449
Ky b = exp(x/(exp(x) — sin(x))) x exp(sin(—3.0) x (—0.9 + x)) 0.0453
Ky b = exp(0.7 x sin(sin(x))) 0.0469
Ky, b = exp(exp(sin(—2.5 4+ x x cos(2.3))) — cos(cos((sin(—0.9) + x) x cos(x)))) 0.0481
Ky b = exp(x/(exp(x) — sin(x))) x exp(sin(sin(—3.0)) x (—0.8 + x)) 0.0515
Kyy b = exp(x) x exp(log (cos(x)) x x) 0.0546
Kys b = exp((sin(—x) — sin(x))/(—exp(x) + x — 1.5)) 0.0563
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FIG. 11. Input-output curves of the top 25 GCC individuals listed in Table II. Here, x and b are the input and output of the individuals, respectively.

individuals have either inherited directly the genes from previous
generations or have been created by genetic operations involving
elite individuals from previous generations. In our experiments, the
GP input is always within the range —n/2 < x < /2, which is why
log [cos(x)]—but not log [sin(x)]—appears in the functional forms.
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