ACTIVE NOISE CONTROL IN DUCTS USING GENETIC ALGORITHMS.
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ABSTRACT

This paper addresses the problem of actively control acoudic noise in ducts through the
goplication of genetic dgorithm and gendtic programming (termed GENETIC CONTROL). Genetic
programming is goplied to dructure a control draegy and genetic dgorithm to adapt the
resulting modd paramees in red time  For gopliction in red time gStudions a gan/dday
modd was findly coded in the chromosome. The software was designed to run in a pardld DSP
TMS320C44 architecture managing processors communication and shared memory with  high
performance. A mono-processor verson was developed to actively reduce acoudtic noise in ducts
in red time Two important Stuations in the presence of acoudic feedback and in its absence
through microphone confinement are andyzed in the paper. The mod driking result is the
convergence of the genetic programming solution dructuring a functiond control drategy  which
is exedtly the gan/dday modd optimized by the GA gpproach as anticipated by the theory and
experiment. We cdl Genetic Control the search of a control modd by genetic programming and
red time adgptation by genetic dgorithm.

Keywords: Gendtic dgorithm; Genetic programming; Active Noise Control, Paralel processing,
SHf - dructuring control



INTRODUCTION.

The problem of active noise contral in ducts is addressed in this work comparing classca
adgptive control drategies [1] and genetic programming (GP) that explores atificia inteligence
to obtain autonomous sdf-dructured control modds (fig. 1-block 1) for implementation and
adaptation usng gendtic dgorithm (fig. 1-block 2) in the red time environment of a laboratory
setup usng Digitd Sgnd Processng -DSP.

The experimental setup d active noise contral is a 6 meters long duct of with a speeker in
one end producing acoudic noise and a set of speskers located a the midway to generate the
canceing sound waves. Two microphones conveniently located dong the duct are the sound
sensors and inputs to the control dgorithms acting to produce the right signd intended to cancel
the noisa The doset microphone to the noise source gives the anticdpated sgnd and the
downstream microphone acts as the error canceling measurement.

Circular cross section cylindrica ducts were mounted on a wooden supporting platform,
without sound box dampers for the speskers. The square cross section duct was built of 2 cm
thickness wooden boards having reinforceners every meter goart. The speskers were mounted
enclosed in a wooden box covered with Sonex and cellulose isolation in the diagond, showing a
smooth frequency responsein the range of operation.

The acquigtion sysem condsts of an ADC64 board (Innoveive Integration) with a DSP
TMS320C32 and the pardld processing system is a PCl44 board  (Innovative Integration) with 3
processors TM S320C44.
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Fig. 1 Proposed structure for identification, control and autonomous optimization.



SYSTEM IDENTIFICATION.

The identification of the acoudic system was caried out usng conventiond techniques as
frequency swesping, impact exdtation, pulse and random noise inputs Results were compared
with a theoreticd modd based on the duct acoudticd norma modes. The magnitudes were
normalized between 0 ad 100 with good identification adherence (fig. 2). It shows high modd

dendty and equidistant pesks in frequency, indicating a vibrating-like string superposition modd.
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- Fig. 2 Trévﬁsfert fvunction magnitude for the open simplé duct.

ADAPTIVE ACTIVE CONTROL.

Adaptive filters (mainly LMS dgorithms) have ther coeffidents continuoudy adjused in
time to cope with changes the sysem is subjected to therefore, maintaning the error Sgnd a
acceptably low levds ([2], [3], [4] and [9]), by usng the upstream microphone as the anticipated
sgnd (forward contral).

During active noise cancdldion, the filter paameters ae continuoudy updated to
generae the spesker output to cancd the acoudic noise, minimizing the dSgnd of the eror
microphone, am to nullify the duct trangmisson dynamics and diminaing ay pressnce of
acoudtic feedback residue.

Cancdlation efficency is rdaed to the qudity of the sysem adaptation, and is affected

by the rate of the noise frequency change for the digita adaptive control evauation blocks of 300
meachine interruptions have been used for the energy caculation.

a e

Noise reduction (dB) versusfrequency (Hz). Number of interruptions (x300) to reduce 3 dB.
Fig. 3: Adaptivealgorithm results for tone noise.

Fg. 3 shows the time necessary (in number of machine interruptions) to achieve a noise
reduction of 3 dB where the maximum alowed time for convergence was st to 300.

In these reaults the LMS convergence parameler mwes fixed to 1.0 10 13 for al tested
frequencies Some improvement could be achieved in case m is dlowed to floa dnce the
convergence rate is affected the noise power.



Noises having time variant frequency components showed to be difficult tasks for LMS
adeptive control  dgorithms,  presenting  ether poor convergence or  acoudic  indability.
Experimentd reaults in FHg. 4 show the initid noise and the resulting atenuation usng LMS like
dgorithms for noisss with frequency varying a a rate of 200 Hz per second, smulaing the
acceleration noise generated by a motor vehicle from a zero speed date. It can be observed a low
0.6 dB noise atenugtion.

- . Residual noise
Initial noise

Fig. 4 Time variant frequencies applied to adaptive algorithms.

GENETIC ALGORITHM APPLIED TO ACTIVE NOISE CONTROL.

Gendtic control mimics the evolution and improvement of life through reproduction, when
eech individud contributes with its own genetic informaion building a new one with fitness to
the environment and more surviving chances These are the bases of gendic dgorithms and
programming ([6], [7], [8] and [9]). Specidized Makov Chains underline the theoretica bases
of this dgorithm change of states and searching procedures.

Each ‘individud’ of the generation represents a feasble solution to the problem, coding
diginct dgorithmg/parameters that should be evduaed by a fitness function, in this gpplication
chosen to be proportiond to the inverse of the acoudic energy (noise + acting sgnd), which can
be seen topologicdly as a hyper suface having severd locd minima, due to patid sound
degtructive interference, and a globa minimum leading to tota noise cancelletion.

The best individuds ae continuoudy being sdected, and crossover and mutétion teke
place. Following few generations, the populaion converges to the solution that better reduces the
acoudtic noise,

Three different gpproaches have been dudied usng gendic dgorithms (GA). In the
Smple Genetic Algorithm (SGA) each individud of a generation is coded with spedific atributes
of the cancding sound: frequency, phase and amplitude, and the fitness function as the average
sound energy meesured a the downstream microphone (error microphone). A 180 Hz pure tone
acoudic experiment illudrated the results (fig5), usng two different convergence techniques
(with and w/0) ditism reinsartion in subsequent generations.

The evolution of each atribute in the chromosome and the evduated fitness is shown
(fig6) as function of individuds didribution for esch generaion. A high concentration of
individuds around a vaue leeds to peeks, indicating the convergence of the agorithm.
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Fig. 5 Noise cancdlation with opertend duct in the error microphone.
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Fig. 6 GA evolution in operntend duct.

The Successive Approach Genetic Algorithm (SAGA) is a modification of SGA, where a
fird levd procedure (fig. 8) searches for most probable candidate frequencies (in frequency
doman) and a seoond levd (fig. 9) improves them between fixed limits (in time doman). The
180 Hz pure tone is shown in fig. 7. The expliat time dependence is a bottleneck of this
approach, due to needs for synchronization, periodicity and exhaudive sampling of each
individudl.
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Fig. 7 Noise cancdllation with open-end duct in the error microphone.
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Fig. 8 SAGA evolution in open-end duct — Leve 0.

An dtenative operaor based modd coding the cancding sound have been congdered
usng GA. For a pure tone plane traveling wave the best result turns out to be a gain-delay modd
with parameters chosen to essentidly generate a 180° out of phase sound wave The results
obtained for a 180 Hz pure tone noise is shown in fig. 10. The evolution of the solutions  (fig. 11)
can be evduaed by the digribution of the individuds in subsequent generations showing the

convergence to the noise cancdlation condition.
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Fig. 9 SAGA evolution in open-end duct — Levd 1.
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Fig. 10 Noise cancellation in the error microphone.
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Gendtic dgorithm attenuation results (dB) for pure tone acoudtic noise is presented in the
fig. 12, on the 100 Hz and 500 Hz range. Compared with the LMS adaptive control gpproach the

results show attenuation to be less sengtivity to noise frequency (fig. 3).

Fig. 12: GA results with gain-delay model.

THE ACOUSTIC FEEDBACK.

The microphone postioned doser to the noise source senses both noise and acting Sgnds,
which can lead to system indahility if the messured sgnd is not carefully handled. By confining
the upgream microphone indde specially constructed sound damper boxes a condderable sound
atenugtion improvement is achievable as can be seen in fig 13, for experiments caried out with
the rectangular cross section duct for a 180Hz pure tone noise.

Original noise. Residual noise Residual noise
(No confined forward (confined forward
microphone) microphone)

e[n] e[n]

-5000 300 400 300

Fig. 13 GA results with forward microphone configurations.
THE PARALLEL GENETIC ALGORITHM.

The implementation usng three TMS320C44 DSPs explores the padld feaure of
gendlic dgorithms with minimum sysem computation overhead if the paent's generdion is
mapped into the shaed memory and children's generdtion in locad memory, with collison
semaphores settings (Table 1 and fig. 14). It can be verified that the use of the pocessors ended
up been quite efficient.

The increese of computing speed obtained by padld computers with n identica
processors working in the same problem has a maximum performance of n times fager than of a
gngle ssquentid processor and a minimum expressed by n log: n due to memory access conflicts
or communication ddlays and inefficient dgorithms (Minsky conjectures).



Table 1:

parallel genetic algorithms performance.

Mono processor 1 parallel processor. | 2 parallel processor. | 3 pardld processor.
180 individuas 37 ms A7 ms 168 ms 109 ms
Performance 100% 109 % 52 % A%
91 % 100 % 48% 31%
Performance
1=
4
3
2
2 3 q 1=

Processors number

Fig. 14: Multi processing performance bounds and GA implementation.

SELF-STRUCTURING THE CONTROL MODEL BY GENETIC PROGRAMMING.

The previoudy congdered control schemes use GA in red time to fit the best parameters to a
beforenand defined control sSructure. The gpproach followed hereafter uses genetic programming
to obtaining a sdf-dructured control modd exploring atifidd intdligence combined with GA to
fit the best parametersin sequence.

In this gpplication the GP uses the following function and termind bases to build the
control modd in red time multiplication, sum, random numbers the past 30 microphones input
and speskers output data for time independent dructure and sin, cosine, multiplication, add,
ubtraction, random numbers for time dependent models.

Different (GA) approaches have been consdered to adapt the control mode in red time.
Table 2 shows the find control mode to cance pure tone noise, with Sze populaion per
generdion of 5000 individuds. The achieved control dructures are highly consgent with
theoretica and experimenta results for pure tone noises as can be seein Table 2

Table 2: The genetic control results to active noise cancellation: GP obtains the control model
and GA adapts the parameters controller in the experimental setup.

Base Control Model
1GP +-,*,Sin, Cos, Exp, t, random number y(t)=3311"cos(716.9t + 791.9 + exp(t)+t-
t)=3311*sin(2 p 115.14t +1.36)
2SAGA y(t)=4570sin(2 p 115.14t + 2.44)
(experimental)

a) Genetic Control results for time dependent model

Base Control Model
1GP * +, - random number, past 30 noise |Y[n]=054R[n-12]
acquisitions
2GA y[n]=0.47 R[n-13]
(experimental)

b) Genetic Control resultsfor time independent model with previous noise knowledge.



Options Base Control Model

1GP Extended *, +, -, X[n], y[n], €n], random

Base number. y[n]=y[n-17]+€[n-4]

Reduced %+, - x[n], random number. y[n]=0.40 X[n-18]

Base
2GA With acoustic y[n]=0.48 x[n-21]
(experimental) feedback.

With out y[n]=0.50 x[n-18]

acoustic

feedback

¢) Genetic Control with confined microphone.

Option Base Control Model

1GP Extended * 4 - x[n], yIn], €], y[n]=y[n-17]+e[n-4] + 0.06

Base random number.

Reduced * +, -, x[n],random number. y[n]=0.20 x[n-20]

Base
2GA With acoustic y[n]=0.36 x[n-21]
(experimental) feedback.

With out y[n]=0.36 x[n-20]

acoustic

feedback

d) Genetic Control with microphone onthe duct mid-lenght.

CONCLUSION.

The mathematicd modd and the experiments agreed quite wdl and supplied subsdies for
underganding the physics of the active noise cancdlation in ducts tha can be syntheszed as
plane travding waves dong the duct modulated by an infinite number of danding waves having
high dendty spectrum modes. The particularity of cancding sound with sound waves, introduces
the acoudtic feedback drawback in the control problem.

The trander function obtaned by severd experimentd techniques such as the pulse
response, random noise, impact and sweeping in frequency showed high adherence among them
and confirmed the theoretical expected resonant frequencies of the acoudic sysem, and dlowed
the sdection of the mog rdevant configurations for the sudy of the effect of the acoudic
feedback (6* crcular cross section cylindricd duct with junction and 10¢ Sdes square cross
section cylindrica duct).

SGA has been formulaed to be opeaed in red time dlowing the parametric
optimization of pre-defined control tructures both based on operators and time wave shape,
showing convergence and dedling properly with ingabilities caused by acoustic feedback.

SAGA has fager convergence rates than SGA by limiting the seach space to the
neighborhood of the frequency vaue obtained in the fird levd. This draegy has potentid for
goplication in sysems with large number of attributes.

The gan-dday GA code representation of the cancding wave peformed wdl besdes the
ingability of the acoudtic system, obtaining a good noise reduction.



In comparison with the adaptive agpproach (FBFXLMS) GA had a dable uniform
performance in experimenta frequency range, dthough GA has not been conceived a priori to
explictly hande the acoudtic feedback in the way the adgptive dgorithm has (the use of a LMS
filter for compensating the system transmisson isacrucid advantage).

The control draegy to combine GA and GP [10] has shown high potentid for df-
dructuring control modds in red time applications specidly for autonomous sysems by
exploring atifidd inteligence and the padld processng cgpabiliies as shown in this paper.
The combined methodology is termed GENETIC CONTROL (GC) for red time gpplicaions.
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Fig. 15. Genetic control (GC) heurigtic.

To further explore these features of GC it will be goplied to severd cdasses of problems
like indudrid control sysems such as fermentaion, trangportaion systems and information
technology problems (classfication, dudering, evadudion, decison taking and multi agent
sysems).
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