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Abstract
This study explores a modified active noise control (ANC) system using a Bayesian inference approach
as a pre-processing method. The key aspect of low-frequency noise attenuation is investigated with the
existing control algorithms, the conventional filtered-x least mean square (FxLMS) algorithm and a new
convex structure via an FXLMS/F algorithm (C-FXLMS/F), that combine Bayesian inference with a
dynamic linear model (DLM). The combination of a Bayesian approach and a DLM comprises the statistic
strategy and a descriptive time series, which is conductive to raw signal pre-processing and concurrently
generating a predicted signal as a reference signal. For signal processing, pretreatment enables the
determination of the noise characteristics of the operating machine and its feedback to the control system.
This is an important input to enable the time domain control algorithm to prevent environmental
disturbance and time-delay effects. In addition, the use of active control theory mainly relies on the
response time of secondary source generation. The predicted signals based on prior observational
information and Bayesian inference afford an alternative to the normal costs of the secondary path, such
as those associated with electro-acoustic signal conversion and computation efforts in the control
algorithm. In this work, the combination of a Bayesian approach and an FxXLMS algorithm is studied via
a case study. To explore more applicability, the combination of a C-FxLMS/F algorithm with Bayesian
inference is also investigated, and a convergence analysis is presented. The in-situ measurement data
obtained from a construction site acoustic apparatus is used for analysis. The simulation results are
presented via two illustrative cases. In addition, a comparison for three different signal forms under the
effect of Bayesian inference is also discussed. It is found that a Bayesian inference approach based on

DLM is workable in the ANC system, and the convergence performance is superior to that of an ANC
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system without Bayesian inference. This suggests that to implement such a system for signal control, it is
better to enhance the final system performance in the time-domain field of ANC algorithms. This pre-
processing system based on a characteristic strategy and having a low computational loss is needed not
only to reduce the time-delay compromise, but also to prevent the sudden disturbance of the reference

signal.
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Active Control Algorithms



1. Introduction

Active noise control (ANC) is an effective technique for noise reduction or cancellation. With the
development of digital signal processing systems, noise signals can be sampled and processed, which has
led to a growth in ANC techniques. A brief review of algorithms that have been developed and applied to
active noise control techniques is given in the following.

Adaptive filters [1] were utilized to adjust weighting coefficients and minimize the error in signals.
The least-mean-square (LMS) theory is the most common form of error signal processing. With the
development of digital signal processor chips enabled the low-cost implementation, ANC system was
encouraged widespread application [2, 3]. The standard LMS algorithm [4] was the original template for
the processable adaptive algorithm, but there was a significant cost incurred by introduction of a secondary
path. To manage this, a filtered-x LMS (FxLMS) algorithm [2, 3] was proposed to enable estimation of
the secondary path for compensation. A time-domain FXLMS algorithm offered easier implementation
and higher robustness, but was limited by its convergence speed and sensitivity to environmental
disturbance [5]. In addition, a frequency-domain FXLMS algorithm for active sound quality control [6]
and a hybrid ANC system time and frequency domain FXLMS algorithm [7] were proposed.

A control algorithm is the kernel component of ANC systems, and has thus been the subject of much
research. A novel normalized frequency-domain block FXLMS (NFB-FxLMS) algorithm [8] was proposed.
The required calculation load was decreased by processing signals block-by-block instead of point-by-
point. A time-frequency-domain FxLMS algorithm was proven [9] to have lower computational
complexity. To investigate the effort weighting of time-domain versus frequency-domain techniques, the
effort-weighting parameters were analyzed by an error index comparison [10]. The optimum solution for
multiple reference of ANC was also given [11] in terms of frequency responses. With application of
discrete wavelet transformation, a DWT-FFT-FXLMS algorithm [12] was then proposed for the
enhancement of convergence. Aiming at the impulse noise, some new algorithms were proposed,
including a convex mixture of norms algorithm [13] and the modification of conventional algorithms [14-
19]. With the presence of a filtered-x LMS/fourth (FXLMS/F) algorithm [20, 21] and the idea of a convex
structure of two adaptive filters [22-24], a convex combination filter via the FXLMS/F algorithm (C-
FxLMS/F) [25] was developed. Based on the consideration of nonlinear characteristics, it led to further
research using adaptive multichannel controllers [26]. Recently, a novel nonlinear ANC system [27] that
used a nonlinear primary path was investigated. Utilizing the functional link artificial neural network,

FsLMS [28] was investigated under strong disturbance conditions. In addition, modified methods were
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proposed for nonlinear ANC in which both a linear secondary path and a nonlinear secondary path were
illustrated [19, 29].

Many studies of the control algorithm problem have focused on the development of complicated
algorithms, which enhance the control algorithm performance but introduce computational burdens.
Moreover, such intricate systems have inherently less utility in terms of their cost and feasibility of
implementation. Hence, the FXLMS algorithm is still widely used as a balance between computational
accuracy and feasibility considerations. It has been used for snore noise-control experiments via controller
setup in headboard [30]. Besides, a partition placed at the middle of bed was proposed for active snore
sound control [31].

Associated challenges are the loudness of construction machines and the difficulty of implementing
noise-control measures. In most engineering situations requiring noise insulation, deployment of
barriers/enclosures is a common solution, because of the easier implementation and lower cost of these
measures. Whilst barrier insulation provides fairly good high-frequency noise control, in machine
operations low frequencies are dominant, and passive noise control has limited efficacy in these situations.
We attempted to utilize an ANC technique with a simple algorithm as this was convenient to implement.
To maintain the stability and feasibility in the online process, a preprocessing procedure utilizing a
Bayesian inference-based DLM was used for raw-signal filtering before the ANC system. Bayesian
forecasting is one of the most widely used approaches in statistical analysis. It has been adopted in multiple
disciplines, such as econometrics, structural dynamics, and aerospace engineering [32].

To simplify the overall ANC system, Bayesian inference acts as a pre-processing filter based on
statistical characteristics and the control algorithm retains an LMS foundation. In a broadband time-
varying feed-forward control system, Bayesian inference enables to provide a fuzzy reference signal.
Noise signal processing contains many parametric uncertainties. A statistical model can be used for signal
parameter identification, and this method possesses great potential on this aspect. The basic element of a
Bayesian updating model includes prior information, a likelihood function, and posterior information. It
has been widely adopted for decision rules used to classify data patterns and a way to infer unknown
parameters from known measurements. A DLM is a mathematical tool for time series analysis that can be
used to describe a routine way of viewing a context that changes with time. In the literature, Bayesian
inference was adopted to estimate frequency periodic information in a narrowband ANC system [33].
Prediction information contributed a lot to enhance the performance for a specific periodic noise signal.

A Bayesian estimation approach [34] was adopted to recast the problem of online secondary path modeling



in the form of a statistical inverse problem. A novel approach to active noise control based on Bayesian
estimation theory [35] was investigated utilizing the statistical property for the optimization of parameters.
Various structures and theories of dynamic models that incorporate Bayesian forecasting have also been
reviewed in Refs. [36, 37].

Due to the versatility and applicability of Bayesian methods, they have many other applications in
mechanical and structural engineering. For instance, Bayesian forecasting has been combined with DLM
for gas turbine performance detection [38]. Moreover, condition assessments for the structural responses
of high-speed trains and cable-stayed bridges were conducted with a combination of time series analysis
and Bayesian inference [39-42]. More recently, the authors conducted a pilot study for the inference of
noise data [43], the present work is an extension to provide a holistic analysis to the probabilistic
assessment for adaptive prediction in ANC algorithms. Making use of a Bayesian approach, another
advantage is a pre-processing system can be treated as a filter. As is well known, an ANC system will
struggle to achieve broadband frequency noise attenuation. However, decisions made by a pre-processing
system while the ANC system is operating prevent interference from cumbersome disturbances from the
environment, thereby acting as a filter to narrow down the frequency bandwidth. Meanwhile, the inference
from noise model parameters can be identified with a “short-time” prediction.

In real-life applications, time-delay effects introduced by a multiple signal conversion in the
secondary path of ANC algorithms such as analog-to-digital and digital-to-analog signal transitions are
important factors that can directly affect the control algorithm performance. Many investigations have
focused on the convergence speed and robust of control algorithms, but the complicated signal conversion
in the secondary path of ANC algorithms is ignored. Hence, the use of data prediction based on a statistical
strategy is a promising way to enhance the efficiency of signal processing.

In this work, the prediction signal is a “K-step estimation” of the observation in a Bayesian approach.
A time series model was adopted to simulate the observational signal characteristic as it enabled modeling
of the dynamic behavior. The combination of the Bayesian approach and a time series model is a
characteristic strategy for providing the reference signal for an ANC system ahead of time. To investigate
the pre-processing system, a reference signal was acquired from in-situ measurement on a construction
site, which contained environmental disturbance. The derivations of Bayesian inference for this signal,
based on a DLM, are presented in Section 2. The preprocess method is presented in Section 3. Simulations
were performed using a conventional control algorithm FXLMS and a new convex structure C-FxLMS/F

algorithm [25]. In addition, three types of reference signals (i.e., (i) Gaussian noise; (ii) sinusoidal and



Gaussian noise; and (iii) in-situ measurement data) were used for comparison. The convergence
performance and complexity discussion are discussed in Section 4. Finally, key findings of this work are

summarized in Section 5.

2. Methodologies

The proposed method is presented in the subsequent sections. For ANC algorithms, time-delay effects,
including controller computation and secondary source response, can restrict the control performance of
adaptive filters. To provide early signal processing in an active algorithm, Bayesian forecasting is utilized
to predict the next few steps to reduce the time consumption of the complicated secondary path.
Furthermore, Bayesian inference is incorporated with time series analysis to express the variation in the
observation signal with time. The combination of Bayesian inference and a DLM can be considered as a
pre-processing system to appropriately modify the complicated signal before it enters the active control

algorithm, which partly reduced the time delay effects.

2.1. Dynamic linear model

DLMs form the basis of time series analysis methods. To describe a time series such as an
observational signal, the general state-space function is utilized to express the current status using
mathematical elements, e.g. values, gradients, curvature, etc. It focuses on statements about the future
development of a time series that are conditional on existing information. Thus, mathematical and
statistical representation is the connection that provides communication between the forecaster, model and
decision makers.

According to the information available in time cycle -1, the guess value in time ¢ for the parameter
can be calculated through the model function. For the general normal DLM, it can be characterized by a
quadruple [36-40, 43] as follows:

{Ft, Gt, Ve, Wi } (1)
where F; is a known (p X r) matrix that acts as a regression matrix of known values of independent
variables, G; is the known (p X p) system or state evolution transfer matrix, and V; and W, are the
observational variance matrix and evolution variance, respectively.

The equations of the model can be expressed as [36-43]:
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where the guess vector @, contains two elements, a; and f;, which denote the current level of parameter
value and gradient, respectively. v; and w; are two independent Gaussian random vectors with mean zero
and unknown covariance matrices V; and W;. The evolution error-free case is assumed with W, = 0 for

all tso that @t S Gt . @t—l'

2.2. Bayesian forecasting

Bayesian forecasting proceeds according to the known information as its principle of management.
Routine forecasting from a model is used directly, while the occurrence of non-routine events alters the
parameters of the model to reflect the circumstances. Based on Bayes’s rule [32, 37] , the prior density
provides concise and coherent transferred information to the posterior probability of a model parameter.
With a time-varying observed process, this can be formed using a probability density function based on
the assumption of Gaussian distribution. It is noted that Bayesian method is available for all distributional
assumptions.

The observational distribution with density can be described as [37]:

p(Yeltte, De—1) “4)
and the prior for u; given D;_; has the density:
p(pe|De-1) (5)

According to Bayes’ theorem [32, 38], the posterior for u; can be obtained:
p(elDe) = p(ue|De—v, Yy)

_ p(ue|De—1)p(Yeltte, De—1) (6)
p(Y¢|D¢-1)
The notations of the guess vector 0, are given by [37-40, 43], and the key Eq. (7), below:
(OtlDt) ~ N[mt, Ct] Wlth Dt = Yl’ YZ""lYt (7)



where {D; = Y;,Y,,..., Y} are the observations. On the basis of these, Bayes’ rule provides a formula for
the probability estimation of the next time step, which represents the state space vector @, obeying
Gaussian distribution. {D; = Y;,Y,,...,Y;} expresses the known information at the time cycle z, and m;
and C; are the mean value and variance, respectively.

The Bayesian updating approach is utilized for signal filtering and short-term forecasting of noise
signal inference. It is worth noting that the noise signals processed must be relatively stable and regular
construction noise patterns, such as automobile engines or turbine motors. The combination of Bayesian
inference and a DLM can provide a “forecast-observation-analysis” cycle. The logic of Bayesian
inference equations is presented next, in Equations (8)—(11); the derivations of these can be referred to
Refs. [36, 37].

Given the state space function at time (¢):

(6¢|D;) ~ N[my, ;] (8)
where {D; = Y;,Y,,...,Y;} denotes the state of knowledge at time ¢. Prior information on the state space

function for the next time step (#+/) is summarized as follows:

(O¢41IDe) ~ Nlasyq, Reqq] ©)
According to the prior information and observation equation (Eq. (2)), Y;,; can be obtained as below:
(Yt+1|Dt) ~ N[ft+1' Qt+1] (10)

where the means and variances are given by [37]:

Ary1 = Gryq -Mmy, fe+1 = FtT+1 *QAgt1, (11
Riy1 = Gt+1CthT+1 + Wiy, Qt+1 = FtT+1Rt+1Ft+1 + Vit

If a forecast of the next K time steps is of interest, the K-step forecasting equations are given by [37].

1 . _~_ (1 1 .
0) and evolution factor G, = G = ( 0 1) , forecasting

several steps ahead requires the prior information to be projected into the future through repeated

For a constant observational factor F, = F = (

application of the system equation. Given the prior for time (¢#+1), the implied prior for time (#4+2) from
the same standpoint, with no additional information, is p(0;,1|D;). This prior is obtained by applying

Eqgs. (12) and (13) below:

(O¢4k|De) ~ Nla(K), R:(K)] (12)
(Yt+K|Dt) ~ N[ft(K)' Qt(K)] (13)

with the following parameters:
ar(K) = GX7 - apyy, fe(K) = Flig - a,(K), (14)



Rt(K) = GK_lRt-I—l(GK_l) "+ Z?:Z GK_th+j (GK_]) ' s
Q¢ = FlixRe(K)Ferk + Virk
The state vector @, which comprises n elements, is extracted to enable identification of the time
series. Accordingly, the mean response function y; affords knowledge of the state vector. The u; can be

expressed as below [36]:

pe =T -0, (15)
F
T,
r=|fete ) e =T (16)
FT - 6Pt

where the matrix 7 must have a full rank n to satisfy the requirements of observability in model design.
Considering the observability and the forecasting function, for a time domain DLM, the mean
response function p;, x defines the implied form of the time series in model design where the K value is

Wi

. . . a .
the step ahead index. With the state vector and evolution error 0, = ( [i't) and w; = (w ), respectively,
t t2

we have
Ye=ar+w, ar=0ai 1+ Pro1+Wu, Br=Pr-1+We (17)

The expectation of state space at time cycle /1 is given as E[0.|D;] = m;. Withm, = <mt1>’ the
t2

forecasting function is f; (K) = (my + Kmy,).

2.3. Active control algorithms

The block diagram of an adaptive active single-channel feed-forward ANC system is shown in Fig.
1 [2]. The primary path is denoted by the transfer function P(z), and the secondary path is S(z). W (2) is
the ANC controller weight coefficient, which is updated through the process. Variable y(n) is the adaptive
filter response and e(n) is the residual error. $(z) is the estimation of the secondary path that can be

obtained by adaptive filtering using either offline or online modeling.



_xm Unknown Plant P(z) d(n) +®

A e(nn)
Adaptive filter

Mz) y(n) yim)

LMS

x'(n) e(n)

Fig. 1. Block diagram of a conventional FXLMS algorithm.

The adaptive filter output signal y(n) is given by

y(n) =w'(m)x(n) (13)
where x(n) = [x(n),x(n—1),...,x(n — L+ 1)]7 is the reference signal vector and w(n) =
[wo(n), wy(n),...,w,_1(n)]7 is the weight vector of the adaptive filter. The expression for the residual
error e(n) is computed as follows:

e(n) =dm) —y'(n) (19)
where d(n) = x(n) * p(n) represents the primary noise signal, y'(n) = y(n) * s(n) is the secondary
cancelling signal, and s(n) is the impulse response of S(z). The symbol “*” denotes the discrete
convolution operator. The corresponding weighting equation can be updated using Eq. (20):

wn+1) =wn) + ux'(n)e(n) (20)
where u is the fixed step-size value.

To improve the noise reduction performance of a single-channel feed-forward ANC system, the
filtered-x least-mean square/fourth (FXLMS/F) algorithm was introduced [20, 21]. Convex combination
structures based on an LMS algorithm [44, 45] were developed to improve the filter performance. After
this, a combination of a convex filter structure and an FXLMS/F algorithm was developed to solve the
complicated parameter-setting problem and improve the convergence rate [25].

In general, the cost function of the LMS/F algorithm is given by [20, 21]

1 1
J@) = 7€2(m) =5 p In(e?(n) + ) @D
where ¢ is a positive threshold parameter that controls the convergence speed and the noise reduction

performance. The updated equation for FXLMS/F is different from the FXLMS algorithm, as shown below:
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win+1) = wn) + ﬂ%[ﬁc(n) v s()]
22)

=w(n) + e(n)x’(n)

__H
1+ ¢/e*(n)
The block diagram for the convex combination with an FXLMS/F algorithm is shown in Fig. 2 [25].

The convex combination is utilized for improving the convergence rate with two adaptive filters.

x(m)

5(2)

LMS

x'(n) ez(n) +

Fig. 2. Block diagram of a convex combination of adaptive filters based on an FXLMS/F

algorithm.

The output of the overall combined filter is given by the following equation:
y'(m) =ym)y;(n) + (1 —y(m)y;(n) (23)

where y(n) is a mixing coefficient ranging from 0 to 1. This coefficient is used to control the combination
of two adaptive filters at each signal iteration, and its explicit form is shown via a sigmoid activation

function [44]:

y(n) = T oA (24)

where A(n) is an inner adaptation according to the gradient descent method. It ranges from [—o™, 0%]

where ¢* is a parameter to be determined by the control algoritm. The explicit form is given by [23, 46]:
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An+1) =A<n)—ua%

e*(n) (25)

m] B ) ~ ¥y A~ y(m)))

= A(n) +;ual

Then, the updated equation for the convex filter structure combined with an FxXLMS/F algorithm can
be obtained as below:

w(n) =y(mw;(n) + (1 —y(n))wa(n) (26)

In the convex filter structure combined with an FXLMS/F algorithm (i.e., C-FXLMS/F), the filter
performance for active control revealed enhancement in three case studies in terms of Gaussian input
signal, sinusoidal wave input signal and impulse noise with symmetric alpha distribution signal [25]. In
terms of signal processing, the time domain algorithm contained instabilities when under unpredictable
disturbance. The proposed system with pretreatment procedures and Bayesian inference processed via a
C-FxLMS/F algorithm is illustrated in the next section. The reference signal was derived from the in-situ
measurement data.

A pretreatment procedure is used to enable reference signal processing. An ANC system is utilized
as a secondary source to highlight the desired signal, which means that the response time of the path is an
important factor. The response time of the secondary path is also considered as a time-delay effect in an
ANC system, which directly affects the converged performance of a control system as it requires
complicated computation and conversion of signal form. A pre-processing system based on a characteristic
strategy and having a low computational loss is needed not only to reduce the time-delay compromise, but

also to prevent the sudden disturbance of the reference signal.

3. Proposed ANC system with pretreatment process

In this section, the use of the Bayesian inference approach based on DLM as the pre-processing
procedure before the ANC structure is described, as a way to solve the abovementioned problems. Given
that the reference signal is acquired from an in-situ microphone measurement, the observation signal was
modeled with DLM. K-step prediction data can be calculated ahead of the current time. The inference
signal replaced the reference signal in the ANC system. In this study, we attempted to pre-process the

inference signal based on the measurement data and treated it as a reference signal for adaptive prediction
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in ANC algorithms. In Eq. (2), the observation (measurement) equation contains the state parameter (6;)
and the unknown variable (v;). To investigate the dynamic change of the whole dataset, we assumed that
the random noise (i.e., v;) still obeys a normal distribution. With a smaller value of v;, the estimation of
the posterior parameters relies more heavily on the observation data. The posterior parameters can be
updated via the inference loop given in Egs. (8)—(11) as time goes on.

To investigate the performance of noise reduction, a simple diagram is presented for illustration in
Fig. 3. To determine the learning process of this control algorithm, both average noise reduction (ANR)
[25] and mean noise reduction (MNR) indices are used. Furthermore, the performance of noise reduction
can be evaluated by the power spectrum of noise residual [47, 48]. The block diagrams of the active

control algorithms (conventional FXLMS algorithm and the C-FXLMS/F algorithm) are illustrated in Figs.

Average noise
reduction index

= ; Overall noise reduction
Active control Mean noise | i b
algorithm reduction index performance can be
evaluated

Residual noise
power spectrum in
frequency

4 and 5, respectively.

Start at time t=n

Fig. 3 Evaluation of noise reduction performance

Reference Unknown dn) +
signal primary path @ »
at time n x(n) Pz) _—\K/ e(n)
Yy

. Obtain ;
; reference ‘\l
‘4{ signal x(n) A
: i Preprocess system:
;' ] k step prediction
: ; [ xp(m) = x(n+k)

xo(1)

Adaptive filter
W(z)

Predict fuzzy

", signal xp(n)

Secondary path
estimation 5(z)

i e(n)

Fig. 4. Block diagram of a conventional single channel feedforward FXLMS algorithm with Bayesian

inference based on DLM as a pre-processing procedure for signal processing.
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\ E

xp(n) = x(n+k) Y ya(n) ye(n)

y’Z( n)

Predict fuzzy ,"
\\ signal xp(n) ,f’

Xp(n) ez(n) L + d(n)

Fig. 5. Block diagram of a convex structure with Bayesian inference based on DLM as a pre-

processing procedure for signal processing.

The measured noise signals from in-situ measurement of construction machines were processed by
the proposed technique as shown in Fig. 6. It contains two processing loops, Bayesian inference loop for
online measured data preprocessing and secondary source generation loop. In the pre-processing
procedure, a second-order DLM was formulated to model the noise signal series. Then, the Bayesian
forecasting approach was applied to conduct a K-step prediction prior to the next K-step observation as
the reference signal for the ANC system, with the aim of reducing the time-delay effects of secondary
source production. The noise signal acquired from in-situ measurement of machinery such as concrete
mixers and road crushers were used as the primary source. The results of various simulations are
conducted to validate the effectiveness of the proposed method for the primary noise attenuation. The

performance evaluations were carried out using the following averaged noise reduction index [25]

Ag(n)
where A,(n) = kA, (n—1)+ (1 —k)|le(n)| and Az(n) = kAz(n—1) + (1 —k)|d(n)|. The initial

conditions were set as A,(n) = 0, A44(n) = 0 and k = 0.999 is the forgetting factor.

<Ae(n)>
ANR(n) = 20log dB (27)
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Fig. 6. Flow chart of the proposed pre-processing system

The convergence performance of various algorithms were compared on the basis of mean noise
reduction, which is defined as the ratio of average residual error signal power and average disturbance

signal power [47, 48]

(28)

Ele2(n)]
E[dZ(n)]> aB

MNR(n) = 10log <—

The ANR and MNR curves for the various methods discussed in this paper are presented in sub-
sequent section. To evaluate the performance of the proposed system, the secondary path S(z) and its
estimate S(z) were assumed to be the same. The adaptive filters were designed with a length of L = L’ =
L" =128, where the primary path P(z) and secondary path S(z) were modeled by a finite impulse
response filter of length N=256. The primary and secondary paths can be estimated in the in-house
laboratory. White noise signals were utilized as excitations. Then, the characteristics of the transfer
functions and their impulse responses can be investigated using two fixed position microphones.
According to the impulse responses, the corresponding frequency and phase responses are shown in Fig.

7.
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Fig. 7. Frequency responses of acoustic paths used in computer simulations

4. Illustrative case studies

4.1. Case 1: Conventional FxLMS algorithm with Bayesian inference

In this study, the reference data were obtained from in-situ noise measurement (Fig. 8(a)). The
sampling rate of the data was 44,100 Hz. The sound pressure signals were stored by a recording tape and
re-acquired using an analog-to-digital card in the in-house laboratory. The amplitude of digital signals
represents the voltage of output signals. The processing signals below, i.e., Bayesian inference, are based

on these raw signals that are plotted in Fig. 8(b). The various simulation parameters used in the case were
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the conventional FXLMS algorithm with p = 0.01. The Bayesian inference approach was applied to

conduct K-step predictions prior to the current time. In the DLM, the parameter setting was as below:

F, = ((1)) G, = ((1) 1) K= 5. (29)

Voltage of output signal(V)

0 16 22) 3(3 46 5(3 6(3 70
Time(s)
(a) (b)

Fig. 8. (a) In-situ noise measurement; and (b) raw data.

The grey area in Fig. 9 depicts the predicted distribution at each iteration when K = 5. This means
that according to the current observational data, the next five steps of data can be obtained via a time series
model. The predicted information was presented as a distribution with a mean value and standard
deviations. All of the original signals can be covered within the grey area at a 90% confidence interval.
Next, the fuzzy prediction data were obtained as a reference signal for ANC control algorithm processing.

In an active control system, the reference signal is important as a reference in the secondary control
path. However, most research has focused on the enhancement of the control algorithm and ignored the
reference signal impact. The fuzzy prediction signal may not be identical to the observational data, but
this will not affect ANC system performance. Moreover, the advantage of Bayesian inference is obvious:
it considers the “time-delay” effect on the secondary path. In Fig. 9, the blue line is almost coincident with

the middle of the grey area, which means that when K = 5 the prediction data are almost the same as the

17



observational data. With the increase in K, the prediction data contain greater uncertainty. Moreover,

greater computational effort would be required in the pre-processing step.
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Fig. 9. Comparison of the inference and observation signals (Inference signal is denoted by a

distribution with K=5).

The time-domain signal attenuation results with and without the use of the Bayesian inference
pretreatment procedure are presented in Fig. 10. From time-domain analysis, it is clear that both systems
can be converged. The convergence curves via the ANR index learning process with and without Bayesian
inference are presented in Fig. 11, and the MNR learning curves are shown in Fig. 12; from these data it
can be observed that systems using Bayesian inference achieved a higher convergence speed. Unless

specified in the context, the term “without prediction™ refers to the original signals measured from the

construction site.
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Fig. 10. Time domain signals (a) with and (b) without Bayesian inference:

Desired signal (blue line); Control signal (green line); Residual signal (red line).
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Fig. 11. Evolution of learning curves for processing in-situ measurement data based on the ANR

index.

T T T

With prediction

Without prediction

-2 N
)
z
c -4 1
Re]
©
>
8
K A
o
2
o
Z 8 A
c
©
o}
=
-10 N
'12 1 1 1
0 0.5 1 1.5 2
Iteration time 10 5

Fig. 12. Evolution of learning curves for processing in-situ measurement data based on the MNR

index.

20



The same noise reduction performance with and without Bayesian inference is shown in Fig. 13. The
unit of the time-domain signals was transformed as a sound pressure (Pa). Compared with the reference
pressure, Pop = 2 X 107>Pa, the signals were converted to a frequency domain via Welch’s power
spectral density estimation. The orange line representing data acquired using Bayesian inference and the
yellow line data representing data acquired without Bayesian inference are coincident. The fact that our
proposed system achieved a similar noise reduction performance as the conventional algorithm under the
same parameter setting revealed obvious advantages can be realized. Primarily, it means that time-delay
effects on the secondary path can be considered in the control algorithm; in addition, determining the

convergence speed with the prediction data as a reference signal can give better results.
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Fig. 13. Performance of the proposed ANC system (conventional FXLMS algorithm) with or without

Bayesian approach as a preprocess procedure.

Figures 14—16 present the K value impact of the proposed ANC system. With K value increasing
from five to eight steps, the convergence performance is better shown in the ANR index and the MNR
index. Fig. 16 shows the noise attenuation performance in the frequency spectrum. It is obvious that the
K value has less effect on the final noise reduction. In this figure, we also observe that the results with and
without the use of the Bayesian inference pretreatment procedure are almost identical, thereby verifying

the correctness of the proposed pretreatment procedure. By comparing the data without ANC processing
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(i.e., “ANC off”), the performance of the ANC system (with and without prediction) is dominant at the

low-frequency region (= below 500 Hz), this is mainly due to the effect of the FXLMS algorithm.
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Fig. 16. Performance of the proposed ANC system (conventional FXLMS algorithm combined with

Bayesian approach) with various K-step values.

4.2. Case 2: C-FxLMS/F algorithm with Bayesian inference

In a time domain system, a conventional FXLMS algorithm contains distinct restrictions, and thus
many researchers have investigated the time-domain control algorithm modification. The C-FxLMS/F
algorithm was proposed [25]; it utilized two adaptive filters for convex structure. The FXLMS/F algorithm
was adopted as the cost function to reduce the limitations of the FXLMS algorithm. To investigate the
practical effects of the Bayesian approach in this case, the C-FxLMS/F algorithm was utilized as a control
algorithm. The reference signals were from in-situ measurement noise, as shown in Fig. 8. The various
simulation parameters used in the case were:

Ug = 10, u; = 0.05, u, = 0.003, ® = 0.0001, u, = 10, 1;=0, 4,=0,0* = (30)
The Bayesian inference approach was applied to conduct K-step prediction information prior to the study.
In the dynamic linear model, the parameter settings were the same as presented in Eq. (29).

The grey area in Fig. 17 shows the predicted distribution at each iteration where K is 5. By comparing
the orange line and grey area, it can be seen that all the original signal can be covered by the grey area at
a 90% confidence interval. The fuzzy prediction data were thus used as a reference signal for the ANC

control-algorithm processing.
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Fig. 17. Comparison of the inference and measurement signals

(Inference signal is denoted by a distribution with K=5).

The time-domain signal attenuation results, with and without a Bayesian inference pretreatment
procedure, are presented in Fig. 18. From time-domain analysis, it is obvious that both systems can be
converged. The convergence curves via the ANR learning process with and without Bayesian inference
are presented in Fig. 19, and the MNR learning curves are shown in Fig. 20; this reveals that the system
treated with Bayesian inference can achieve a higher convergence speed. The same noise reduction
achievement with and without Bayesian inference is shown in Fig. 21.

To evaluate the parameter effects in the ANC system, the comparison results are shown in Figs. 22—
24. It can be seen that with increasing K value, the convergence performance is faster, as illustrated in the
ANR and MNR indexes. The noise reduction performance in the frequency spectrum coincides with the
performance of the ANC system without Bayesian inference, as shown in Fig. 24. In this figure, the results
with and without the use of the Bayesian inference pretreatment procedure are almost identical to each
other, this shows again the correctness of the proposed pretreatment procedure. By comparing the data
without ANC processing (i.e., “ANC off”), the performance of the ANC system (with and without
prediction) is still pronounced at the low-frequency region (= below 500 Hz), this is mainly due to the

effect of the C-FXLMS/F algorithm.
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Bayesian approach as a preprocess procedure.
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4.3 Complexity analysis of various signal forms

To evaluate the effectiveness of this pre-processing process, three signal forms (i.e., (i) Gaussian
noise; (i) sinusoidal and Gaussian noise; and (ii1) in-situ measurement data) are also tested for comparison.
In Figs. 25-27, the convergence speed is examined by the ANR index. Only a Gaussian noise input was
fed into an ANC system with and without Bayesian inference. The results show that the convergence
performance is better with the presence of this pre-processing system. Figs. 28—30 further present a good
convergence performance under the effect of both sinusoidal and Gaussian noise signals. In this case, the

reference noise signal x(n) is a sinusoidal wave of 500 Hz and the sampling rate is 8000 Hz as follows:
() = si (27T><500><n
x(n) = sin 8000

where v(n) represents a Gaussian noise. In Figs. 27 and 30, the C-FXLMS/F algorithm with and without

) + v(n) (1)

the pre-processing system presents a similar convergence performance. In Fig. 31, using the in-situ
measurement noise input, we observe that the results with Bayesian inference are better than that of those

without such a process for the FXLMS, FXLMS/F and C-FXLMS/F algorithms.
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Fig. 25. Evolution of learning curves for a Gaussian signal input (FXLMS algorithm with various

step-size)
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Fig. 31. Evolution of learning curves for in-situ measurement noise (FxLMS, FxXLMS/F and C-
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5. Conclusions
Bayesian inference based on a DLM approach was adopted in this work as a means of raw signal

pretreatment in the ANC system. The major findings of this work are summarized as follows:

e This pre-processing system leads to a higher convergence speed and the coincidence of the noise
reduction results with in-situ measurement data. A pretreatment process combined with the
conventional FxLMS algorithm and a new C-FxLMS/F algorithm was investigated for its
applicability to various time-domain control algorithms.

e To enhance the control performance, the cost of the secondary path was considered from various
aspects, such as secondary path estimation and online modeling of the secondary path. In this study,
a Bayesian approach can provide a time-step compensation for utilizing the prediction function of
Bayesian theory. The combination of prior information and updated observation leads to an updated
fuzzy estimation for the future values. The estimation was in some steps dependent on the value of K
ahead of the then-current time, which can reduce the time-delay effects in the control algorithm.

e The wupdating characteristic “forecast-observation-analysis” loop 1is advantageous for the
implementation of signal processing for an ANC system. The simulation results demonstrated that
the proposed modified ANC system achieved better convergence performance than the ANC system
without pretreatment. The final noise reduction level comparison of the effects of the prediction
process showed that it is consistent. This means that the pretreatment processing does not affect the
final reduction performance, but in fact confers the advantages described above.

e Bayesian forecasting based on DLM performs as a pre-processing filter due to statistical
characteristics. This method requires less parameter identification that is an advantage for many
engineering applications. Besides, it is also suitable for different types of noise signals, i.e., (i)
Gaussian noise; (i1) sinusoidal and Gaussian noise; and (iii) in-situ measurement data, as investigated
herein.

The present approach, as a pretreatment process, can be coupled for various ANC algorithms.
Although it is prominent to improve the time-delay effect in an ANC system, the pre-processing system
is valid for a short-time period information inference. Further studies will focus on extending the time
period of this pre-processing system. Besides, the computational effort will be increased when the
Bayesian-based approach is incorporated with an ANC system. However, this problem may be fixed by

designing an ad-hoc intelligent controller that can reduce the computational complexity with the use of
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Bayesian inference. Therefore, increasing the computational complexity can be compensated to achieve a

better adaptation system in real-engineering environments.
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