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Convergence Analysis of Nonlinear
and Stereophonic Acoustic Echo
Cancellation

Student : C. I. Liao Aduvisor : S. F. Hsieh
Department of Communication Engineering

National Chiao Tung University

Abstract

Because of diversity applications of modern communication system, more and
more acoustic echo cancellation ‘(AEC) designs:need to consider the nonlinearity
characteristic (loudspeaker) and stereophonic environment (high correlated inputs).
There are many proposed algorithms for nonlinear adaptive filter but lack of
convergence analysis for these algorithms. We propose the convergence analyses for
nonlinear AEC based on memoryless polynomial nonlinear filter and NLMS
algorithm. Several adaptation strategies for nonlinear AEC are also provided and
compared for finding better convergence behavior. In stereophonic AEC, we analyze
the convergence of partial update stereophonic AEC by taking use of the Dogancay’s
method used in selective partial update monophonic AEC study. The combinations of
nonlinear loudspeaker and sterecophonic AEC are demonstrated to verify the
coherence reduction and nonlinear adaptive filter effect. Finally, computer simulations

are presented to support the analysis.
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Chapter 1

Introduction

Acoustic echo cancellers (AEC) are used to reduce echoes in a wide range of
applications, such as hands-free telephones and teleconferencing etc. Generally
speaking, the transmitted-back signals not produced by far end talker are considered
as “noises” in a hands-free telephony system. These noises include echoes, near end
local noise and other audio signal. We will ‘concentrate our studies on echoes

cancellation in some specific conditions and environments in this thesis.

far end room near end room
MIC Loudspeaker
d i
talker
B
A | echoes
v
>
il
b ol
MIC N ]
Loudspeaker local noise & signals

Figure 1.1 Echo signals

In Figure 1.1, near end signals A and B radiated by the loudspeaker are echoes to
far end room talker. That is, the far end talker will be annoyed by listening to his or
her own speech delayed by the round-trip time of system. The main idea of AEC

design is try to reduce the “echo signal” efficiently.

1



An application system with AEC is shown in Figure 1.2 to overcome acoustic
echo and provide satisfactory speech quality. The estimated filter ﬁ(n) approximates
to the room equivelent impulse response h(n) through AEC system dealing with far
end signal X(n) and residual error signal e(n) iteratively. The residual error
signale(n) is obtained by subtracting estimated output 9(n) from the near end

microphone output signal d(n) which includes the real echo signal y(n), local

noiseV(n) and local signalt(n).

far end signal x(n)

near end room

Koudspeaker

. AEC h(n)
h(n)
y(n) y(n) )
MIC !‘_V(n)
< e(n) _/r\4 d(n)
F

Figure 1.2 Application system with AEC

Many researches of AEC are focus on designing algorithms or system structures
to maximize “Convergence Rate / Value” ratio or to minimize complexity both in
applications and theory fields [2] [3]. Recently, there are more and more interesting
AEC topics could be studied because of the diversity application of modern
communication system. There are two main topics we studied about AEC application

in this paper: one is nonlinear AEC system and the other is stereophonic AEC system.



AEC in today’s speakerphones or video conferencing systems most rely on the
assumption of a linear echo path. However, the customer comfort and security are
improved, and through this, audio equipments or portable communication systems
should be compatible with the miniaturization trend and cannot be very expensive, all
of these things result in nonlinearities. The small but inaudible nonlinearities have a
dramatic influence on classical linear AEC and nonlinear AEC is the first topic we
will discuss in this thesis; we develop the approximate convergence analyses in
different conditions and compare several adaptation strategies for specific nonlinear
AEC system.

By another way, a stereo teleconferencing system provides a more realistic
presence than a monophonic system, because listeners can use spatial information to
help distinguish who is speaking. This 1s".especially important for video
teleconferencing involving many different talkers..However, in stereophonic AEC the
acoustic echo cancellation problem is.mere-difficult to solve because of the necessity
to uniquely identify two acoustic paths..This has led to several approaches to the
problem that involve techniques to de-correlate the two input signals using
nonlinearities preprocessing or partial adaptation scheme. For nonlinear de-correlation
preprocessing, it has the disadvantages of larger computation complexity and possible
audible sound distortion. Due to that partial adaptation scheme of stereophonic AEC
provides an alternative to solve the nonuniqueness problem without the disadvantages
of nonlinear de-correlation preprocessing. We also derive the stereophonic AEC
partial update scheme convergence analysis in an approximated form in this paper.

This thesis is organized as follows. There will be more details about nonlinear
and stereophonic AEC partial update schemes and prepared knowledge in Chapter 2.

And we propose convergence analyses in different conditions and compare several



adaptation strategies for nonlinear AEC in Chapter 3. Chapter 4 shows the
approximated convergence analysis of stereophonic AEC partial update scheme. The
demonstration of combining nonlinear loudspeaker and stereophonic AEC is also
given in this Chapter. In Chapter 5, computer simulations verify the results of our
derivations in Chapter 3 and Chapter 4. Finally, in Chapter 6, we give a conclusion for
our study.
The main efforts in this thesis are:

(1) Individual convergence analyses of the linear and nonlinear coefficient error.
(2) Joint coefficient error convergence analysis when the other coefficient set is

estimated adaptively through simulation.
(3) Discuss and compare several kinds of adaptation strategies for nonlinear AEC.
(4) Convergence analysis of stereophonic AEC pattial update scheme.
(5) Demonstrate the behavior of nonlinear loudspeaker effect in stereophonic AEC

and apply the nonlinear adaptive filter-in;nonlinear-stereophonic AEC.



Chapter2

Adaptive Schemes of Nonlinear and

Stereophonic AEC

In this Chapter, we will introduce two adaptation schemes for different AEC
applications by the normalized least mean square (NLMS) algorithm, which belongs
to the category of stochastic gradient algorithms. First, acoustic echo cancellers in
today’s speakerphones or video conferencing systems rely on the assumption of a
linear echo path. Low-cost loudspeakers or audio equipment introduce considerable
nonlinearities, which limit the echo return loss enhancement achieved by linear
adaptation schemes. This means that an annoying nonlinearly distorted echo will be
transmitted back to the far end subscriber. While nonlinearities with memory are of
concern usually with high-quality audio equipment, the memoryless nonlinearities are

addressed for fast converging and simplicity in our study. According to gradient-type



adaptation (i.e., NLMS), joint NLMS adaptation of nonlinear polynomial adaptive
filter (preprocessor) and FIR filter are further provided in [5], which will be
introduced in Section 2.2 and adapted for derivation in Chapter 3.

Stereophonic AEC is another topic discussed in our thesis, which is the scheme
for controlling echo signals in a stereo teleconferencing system. There are two
acoustic paths to identify in a stereophonic system, which raises the stereophonic
AEC fundament problem: nonuniqueness, this problem will be introduced in Section
2.3 and it can be solved by reduction of inter-channel coherence. Recently, coefficient
partial update approaches [14] [15] are adapted to overcome the nonuniqueness
problem; it has advantages including not only less computation complexity in
coefficient adaptation, but also avoid applying nonlinearities between two channel
input signals. Some basic partial.update scheme.of stereophonic AEC also will be

introduced in final Section.

2.1 Configuration and adaptation algorithm

2.1.1 Configuration of an acoustic echo canceller

Figure 2.1 shows the configuration of an acoustic echo canceller. The echo
canceller identifies the impulse response h(n) between the loudspeaker and the
microphone. An adaptive filter ﬁ(n) is used to identify h(n); if ﬁ(n) is identical
toh(n), the echo estimated output §(n) will be equal to y(n) and the echo signal can

be cancelled perfectly (e(n)=0) under noise free (V(n)=0) and no double talk



(t(n) =0) situation. For easy implementation and stability consideration, ﬁ(n) is

usually implemented by an FIR filter.

loudspeaker
far end signal X(n)
v v
danti adaptive acoustic
adaptive filter |— | echo path
algorithm A
h(n) h(n)
1 y(n) J y(n)
e(n) N d(n)
< ():l_ JP « t(n)
MIC v(n)

Figure 2.1 Configuration of an acoustic echo canceller

In order to obtain a good-replica of the echo, adaptive algorithm is necessary.

Since the real echo path h(n) 1s usually unknown and time variant. The adaptive

algorithm should satisfy the following implementation requirements:

1. Real-time operation.

2. Fast convergence speed.

3. High echo return loss enhancement (ERLE) or low residual error power
where ERLE is defined as the ratio of the real echo signal power to the residual error

signal power:

E[y*(m)] @2.1.1)
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2.1.2 Normalized least mean square algorithm

The least mean square (LMS) algorithm is an iterative algorithm used to estimate
the impulse response so as to minimize the mean square error. For LMS algorithm, the

coefficients adaptive equation and parameters are described as follows [1]:
h(n+1) = h(n)+ ux(ne(n) (2.12)

e(n)=d(n) - y(n) (2.1.3)

M step size

e(n) : residual error signal

d(n)= DT (N)x(n)+t(n)+v(n) : the signal received by microphone

(M =h' (n)x(n): echo signal

x(n) = [x(n),---, x(n— L +1)}% far end-signal Wwith adaptive filter length L

h(n)=[h,(n),...,h_,(n)]% ttue echo path response

ﬁ(n) = [Flo(n),. e i ()] estimatedecho path response

In order to make the LMS algorithm insensitive to the change of input signal
power level, the step size is normalized, resulting in the NLMS coefficients adaptive

equation described as:

h(n+1) = hn)+—2— x(n)e(n) (2.1.4)

<l
Convergence of the mean squared error (MSE) is guaranteed [1] when0O< u< 2.
The NLMS algorithm has been the main algorithm of most studies due to its
simplicity for implementation in many applications. We also adapt the NLMS

algorithm for the further studies of two AEC applications: nonlinear and stereophonic

AEC schemes.



2.2 Nonlinear AEC

Nonlinearity happens in loudspeaker due to loudspeaker over driven. There are
two main considerations for nonlinear AEC study, one is finding suitable nonlinear
system model and the other is how to combine nonlinear and linear system in one
structure. The Volterra series expansion can model a large class of nonlinear systems
[18] and it’s attractive in adaptive filtering applications because the expansion is a
linear combination of nonlinear functions of the input signals. Because of large
complexity, the Volterra series always only been taken as the first step to find simpler
nonlinear system [6] [7] [12].

There are many kinds of method to build a nonlinear channel before linear
response. Most studies take the real loudspeaker as the nonlinear device [4] [5].
Another study models the nonlincar channel, by.saturation followed by a linear
propagation [6]. For simplicity, we set up.our nonlinear AEC system consisting of a
cascade of memoryless nonlinear. system-and linear systems liked the following

description.

2.2.1 Cascade nonlinear AEC scheme

A nonlinear AEC with a cascade of a memoryless nonlinear preprocessor and an
FIR filter [5] is introduced in this Section; and an LMS-type adaptation is derived for
a general nonlinear preprocessor. The cascaded nonlinear AEC scheme is shown in
Figure 2.2, the adaptation of both nonlinear and linear stages has to rely on the joint

residual error signale(n).



far end signal x(n)

memoryless R I
nonlinear i ' nonlinear
preprocessor i | model
fam.xm) | | 4. |
i s(n)
FIR filter echo path
NLMS >
h(n) h(n)
7Y ~
) Ly
) eam  —h, 40 «
“ NPy - v(m

MIC

Figure 2.2 Nonlinear AEC cascade scheme

A general joint adaptation scheme for FIR filter ﬁ(n) and nonlinear filter é(n)

will be introduced in following déscription [S}:
The out put of the memoryless nonlinear function f (é(n), X(n)) is given by

s(n) = f(@(n), x(n) 2.2.1)
With the nonlinear coefficient vector

A~ ~ ~ ~ T

a(n) =| &), a:(n). -, ao(n | (222)
Where Q represents the nonlinear order

By another way, the estimated echo signal reads

y(ny=h" (ms(m=h" (n) f @), x(n)) (2.23)

Where the estimated impulse response
A~ A~ ~ A T
b(n)=[ho(n),hl(n),-~-,hu(n)} (2.2.4)

and the recent L ’s outputs of memoryless nonlinear function f(é(n),x(n)) is

obtained by

10



s(m=[ 5.5 -1, 500~ L+1) |
= f@m), x(m)
=[ F@m.x). f@m,xm-n),, f@m.xn-L+)|  (225)
with the Lx1 input vectors
x(n) = [x(n), x(n=1),---,x(n—L+1)]' (2.2.6)
The gradient of residual error powere’(n), as derived for linear transversal filters in

[1] can be calculated according to:

oe*(n) A
\V4 = =2 2.2.7
(1) = 2= = =28(E) (2.2.7)
v,m=2M_ ~2e(m)| '@ (), x(n))] A(n) (2.2.8)
a(n)
with the residual error signal
e(m=d(m-h' (n)f @n),xm (2.2.9)

and the LxQ matrix

af(a (n), (M)
oa (n)

f'@ (m,xm)=

_[af@m.x(n) o @m),x(n—L+1) '
oa(n) oa(n)

(2.2.10)

If linear coefticient vector is updated with normalized step size 4, (n), an NLMS-type

adaptation results:

» _ oy Ha(0) _i 5

h(n+1)=h(n) 5 Vi () = h(n) + 1, (Ms(nje(n) (2.2.11)
where the normalized step size reads

1, () = — (2.2.12)

2

s,

11



Similarly, the nonlinear coefficient vector is updated with step size x, and the

adaptation equation results:
&n+n=éau—éévgm=éno+M[fk&kme«mﬂT&nmau(zzia

Eq.(2.2.11) and Eq.(2.2.13) demonstrate the general form of a joint NLMS
adaptation of preprocessor and FIR filter. As the normalization of the preprocessor

depends on the specific realization of f , we distinguish the polynomial case in

Subsection 2.2.2.

2.2.2 Polynomial adaptive filter

The preprocessor NLMS adaptation discussed above has been specialized to a
polynomial adaptive filter in 5], and [[10]. The realization, linear filter with
polynomial preprocessor, was derived in [5] assuming that nonlinearities appear only
in amplifier and loudspeaker, the nonlinearities are-memoryless and room response is
linear. Because we use the same nonlinear scheme for our convergence analysis in
Chapter 3, the derivations are introduced again briefly in following description.

Describing the nonlinear preprocessor by a Q-th order polynomial and the

preprocessor output can be simplified by a de-couple form of nonlinear coefficients

é(n) and input X(n) . It reads:
~ Q .
f(@(n), x(n) =D aq(mx*(n) (2.2.14)
g=1

Where the n-th preprocessor output reads:

s(n) = xp(Ma(n) (2.2.15)

and  e(n)=d(n)—a (nu(n) (2.2.16)

12



2 0 T
where X, () =[ x(n),X* (), -+, X*(") ] (2.2.17)
u(m = Xg(mh(n) (2.2.18)
T
Xo(M)=[ %o (N), Xo(N=1),-+, Xo(N—L+1) ] (2.2.19)
Similar to 44 (n) in Subsection 2.2.1, the polynomial adaptation is normalized
~ 2
with respect tng(n)H . It becomes very small, when a single input sample X(n)is
2

close to zero. To avoid a large adaptation step towards to an unknown direction,

adding a small constant o, to the normalized term, so that the nonlinear coefficient

adaptation equation Eq.(2.2.13) can be written as:

a(n+1)=a(n)+—" 2 G(n)e(n) (2.2.20)
o] +;

In contrast to ﬁ(O) , é(O) must never-be zero, as then no adaptation can take

place. A good choice is linear initializations-i-e., é(O) = [1, O,---,O]T . This ensures that

even if é is not adapted, the system performs at least as well as a linear AEC.

According to the assumption of memoryless polynomial filter, a less or equivalent
nonlinear order polynomial coupled with a linear system is our nonlinear AEC

configuration.

2.3 Stereophonic AEC

2.3.1 Stereophonic AEC scheme

Stereophonic acoustic echo cancellation can be viewed as a straightforward

generalization of the single channel acoustic echo cancellation principle, as illustrated

13



in Figure 2.3.

X,(n)

X,(N)

near end | room far end | room

A A v v

X 2 L 3
h,(n) h,(n)
A p 9,(m 9,(m

h,(n) h,(n) s(n), talker
" o
'f' Y ym W W
) d
v D |
d(n) N e(n)

Figure 2.3 Scheme.of stereophonic AEC

Figure 2.3 shows the schematic diagram of stereophonic AEC. For simplicity, the
acoustic paths to only one microphone are” shown in the near end room; it is
understood that similar analysis will apply to the other microphone signal. The far end

signals X (n)and X,(n) at time index n are generated from the talker speech

s(n) by passing far end room impulse response g (n)and g (n) separately from the

talker to the microphones. Then, X (n) (X,(n)) passes the echo path h,(n) (h,(n))

which is the equivalent impulse response from the speaker to microphone. The

summation of x,(n)*h,(n) , X,(n)*h,(n) and local noise Vv(n) becomes the
microphone output signal d(n).Similarly, adaptive filters (ﬁl(n) ,ﬁz(n)) generate an
echo replica signal )A/(n) to reduce the residual error signale(n) . The pair of adaptive

filters (ﬁl(n),ﬁz(n)) are recursively updated with the NLMS algorithm by the

14



residual error signale(n). The same model applies to the other near end room

microphone with the acoustic paths replaced by the ones appropriate to that
microphone.
According to NLMS algorithm and system scheme, the adaptation equation to

one near end microphone reads:

hy(n+1)=h, (n)+ z(n) x, (N)e(n) (2.3.1)
h,(n+1) = h, () + () x, (Me(n) (232)
Where  u(n) = ™ (‘; T (2.3.3)
e(n) = d(n)-y(n) (2.3.4)
d(n) = hy (N)x,(m) + h; ()5 () +v(n) (23.5)
Y =h, (mx, () + 5 @) (2.3.6)

2.3.2 The nonuniqueness problem

We will show that the solution of normal equation is not as obvious as in the
single-channel case in this Subsection. Since the two input signals are obtained by
filtering from a common source, a problem of nonuniqueness is expected [11] in
stereophonic AEC.

For simplicity, the near end signal and local noise are assumed to 0 in following

description. In monophonic AEC system, the residual error signal e(n) is

represented as:
e(n) = h" (Mx(m)—h' (mx(m) =h" (mx(n) (2.3.7)

When e(n) — 0, it also indicates E(n) — 0, i.e., The smaller residual error signal the

15



smaller coefficient misalignment we have in monophonic AEC.

In stereophonic AEC, the residual error signal e(n) reads:

e(m) = 1] (0, + B s ]| B o, )+, s
-[B' ™G, +h, MG, |sm (2.3.8)

G, is the far end channel matrix which is the combination of far end room impulse

response Q; and its shift. In Eq.(2.3.8), the residual error e(n) — 0 only indicates

=T =T . .
[hl (n)Gl+b2 (n)GZ}—>O. Actually, we hope the coefficient misalignment can

become small when residual error is small, i.e., E](n)—>0and Ez(n)—>0 when

e(n) = 0. To achieve this requirement, Eq.(2.3.8) can be rewritten as another form:

e(m=h, (mk+h, (Mt (23.9)
and k is independent of -t

According to that, e(n) — 0 also indicates El(n) — 0 and Ez(n) — 0. That’s why

the nonlinearities or partial update scheme are applied in stereophonic AEC to reduce

the coherence between two far end input signals. i.e., reducing the coherence between

X (M) =g,*s(n) andX,(n)=g,*s(n).

2.3.3 Coefficients partial update

Many partial update schemes for monophonic AEC had been proposed before,
for example: the MMax-NLMS algorithm [17]. Furthermore, the coefficient error
convergence behavior of monophonic partial update AEC has also been analyzed [16].
In [16], the coefficient block is updated only when the corresponding input block has
the maximum magnitude, a general representation of the partial adaptation equation in

monophonic AEC can be represented as follows:
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A(n+1)=h(m)+ () Axmen) i =argmax [x;(m); (2.3.10)

1<j<B
where B :partial update block numbers
___H
2
% L
and A isa LxL diagonal matrix defined by
A =diag(0, ---,0,1, --- ,1,0, -+ ,0) (2.3.11)
H_J

i'th block
The introduction of A combines the effect of selective partial update with

original NLMS adaptation equation. According to that, Eq.(2.3.10) can be applied in
other analysis, e.g., stereophonic AEC partial update.

By the other way, there exists a dual motivation to develop algorithms which
have improved convergence petformance due’to reduction of inter-channel coherence
whilst maintaining computatiofi complexitytto be as low as possible for practice
reasons. For stereophonic partial update AEC, there are also some schemes had been
demonstrated recently [14] [15]. In [15], the estimated coefficient vector is divided
into two parts: front and back half. Which part coefficients can be update is decided
by a certain criterion proposed in [15]. We modify the stereophonic partial update
scheme in [15] by an equal probability block update assumption. According to this
assumption and applying the adaptation equation Eq.(2.3.10), we try to give a

convergence analysis for partial update stereophonic AEC in Chapter 4.
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Chapter 3

Nonlinear Adaptive Filter

Some methods have been studiéd for nonlinear adaptive filter. Volterra series
based filters [7]: can model a large class of nonlinear systems and are attractive in
adaptive filtering applications=because-the expansion is a linear combination of
nonlinear functions of the input signals. But it has disadvantage of a high computation
complexity. The second method is nonlinear state space structure; this is an IIR filter
model suitable for long memories requirement with lower computation complexity
than the FIR filter but it has the unstable problem [8]. Neural network is the third
method; this cascade structure offers a new perspective but need a pre-identification
procedure [9].

More recently, cascade filter structures have been proposed [4], [5] and [10]. In
[4], the nonlinear adaptive filter is composed of two distinct modules organized in a
cascade structure: a nonlinear module based on polynomial Volterra filters models the
loudspeaker, and a second module of standard linear filtering identifies the impulse
response of the acoustic path. In [5], Stenger introduced a nonlinear AEC by

cascading a memoryless nonlinear preprocessor with a FIR filter, and derived an
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LMS-type adaptive algorithm for a general nonlinear processor. Two special cases and
RLS adaptation for speeding up are also discussed in his study. The most important
thing in this paper is: it provides a general parametric nonlinear function to represent a
nonlinear preprocessor in mathematical form and gives the general form of a joint
NLMS-type adaptation of both nonlinear and linear stages. In [10], Niemistd
proposed another cascade filter structure by swapping the order of the nonlinear
processor and the linear filter provided in [5], i.e., post-processor. Niemistd compared
the adaptive polynomial preprocessor and post-processor with traditional Volterra
filter through simulations on hands-free equipments and showed the ERLE
improvement with the extra operations of the proposed structure. In [6], Costa
introduced five general nonlinear structures and made a comparison on complexity
and ERLE:s.

Although, Stenger [5] and=Niemistd [10] both mtroduced some study results on
nonlinear cascade structure with adaptive-pelynomial filter, especially on updating
algorithm and system structure. The convergent analysis for the adaptive polynomial
filter remains unclear. We will perform the convergent analysis on the nonlinear AEC
filter, including the linear FIR and the nonlinear polynomial filter.

We will introduce the preprocessor of nonlinear adaptive filter in Section 3.1,
including diagrams, notations and recursively updated equations of both nonlinear and
linear coefficients. In Section 3.2 and 3.3, we derive the general iteration formula for
the linear and nonlinear coefficient error variance independently. In real situation,
linear and nonlinear coefficient estimation errors are mutually related; they are
dependent. We try to give an approximate equation to predict the error behavior of
two filter’s coefficients to match the real situation in Section 3.4. Finally, some

modified adaptation strategies will be introduced in Section 3.5.
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3.1 Preprocessor of nonlinear adaptive filter

Stenger has proposed a preprocess structure with cascade of a memoryless
polynomial filter and a FIR filter [5]. The system diagram is in Figure 3.1. The echo

signal d(n) at time index n is generated by passing the far end signal Xx(n) with
nonlinear loudspeaker response a and echo path h in a cascade order. For adaptive
filters, far end signal x(n) is powered first then the nonlinear adaptive filter output
§(n) is the linear combination of the powered input x'(n)and estimated nonlinear
coefficients. Finally, the FIR filter’s output Q(n) is given by é(n)*ﬁ(n). Nonlinear
and linear coefficients are adapted by joint NLMS adaptation (see also Sec. 2.2) with

the same residual echo e(n) buttdifferent powered inputs (ﬂ(n) ,§(n)) at each

iteration..

oo lam] [am] ao(n)| le------ %)
L —

d(n

Fommmmmmmmo p| L Taps
FIR filter
y(n)
oo D
NPANN

Figure 3.1 Preprocessor scheme of nonlinear adaptive filter

A
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We take this cascade filter structure as our reference model in following
derivations. It makes sense that nonlinear adaptive filter cascaded in the order of
linear filter after nonlinear filter corresponding to nonlinear loudspeaker following by
linear echo path response. This cascaded order is also the Hammerstein model
described in [6].

Although the general nonlinear AEC notations have been mentioned before [see
also Section 2.2], we still organized the necessary notations for the derivations

convenient in following:

Q = memoryless polynomial filter order

o = E[v(n)’], noise power

o; = E[x(n)’], far-end input signal power

h(n) = h—h(n) =[ha@m):Rrlay; -, h (N)]",linear coefficient error vector

a(n) = a—a(n)=[a:();a(n). .8 ()] ,nonlinear coefficient error vector
X(n) x(n) x2(n)

X(n) = x(n:—l) xz(r:—l) XQ(T_I) , powered input matrix

x(n-L+1) x*(n-L+1) - x¥(n—L+D)| .

s(n) = X(man) =[so(n),s1(n),--,5.1("M]",nonlinear powered input vector
u(n) = XT(n)h(n) =[a:(n),a2(n), -, a0(N)]", linear powered input vector
4, (n) = Aﬂ ", normalized stepsize of linear coefficient
s
2
() = — H : , hormalized stepsize of nonlinear coefficient
un)| +4,
2
R, () = oI
~ ~T . . . ..
Rﬁ(n) = E[h(n)h (n)], correlation matrix of linear coefficient error
R.(n) = E[é(n)éT(n)], correlation matrix of nonlinear coefficient error
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Assuming the input signal X(n) is continuous-valued White Gaussian noise
(WGN) in the following Sections. For simplicity, nonlinear loudspeaker and linear
echo path responses are assumed to be time invariant. (i.e., a(n)=a andh(n)=h)
and the near-end speech t(n)=0 1is also assumed.

According to the NLMS algorithm and memoryless polynomial filter [5], [10]
[see also Sec. 2.2], we write the nonlinear and linear coefficients recursive updating
equation as follows:

Nonlinear coefficient updating equation:

an+1)=a(n) + —=e—G(nje(n) 3.1.1)
o[ +s,
where e(n)=d(n-a (mu(n)

Linear coefficient updating-equation:

A(n+1) = i)+ — (myerm) (312)
s
where e(n)=d(n) —ﬁT (n)é(n)

The echo signal e(n)is the same in one iteration for both linear and nonlinear
coefficient updating equations, it reads as:
AT A AT ~ AT ~
h' (ms(m=h (mX(Nan)=a (mu(n) (3.1.3)
In next Section, we derive an equation to predict the variance of linear

coefficients error first with the assumption: nonlinear coefficients are perfect, i.e.,

an)=0.
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3.2 Linear coefficient error convergence analysis

In 3.2, we will derive the variance of linear coefficient error under the
assumption of perfect nonlinear coefficients. First, express the linear and nonlinear

coefficient error vector as
h(n) =h—h(n) (B2.1)
a(n=a-a(n) (3.2.2)
Rearranging Eq.(3.1.2), we can have:
h(n-+1) = B~ 4, (W3 d(m) - () |
=h(n) —m(n)é(n)[(é(nwé(n)f XT(mh+v(n)-s' (n)ﬁ(n)}
=ﬁ(n)—m(n)é(n)[?(n)ﬁ(nﬂf X (n)é(n)+v(n)}
| 1 SO = A ESOAEX (MEM) - s, (MSO(R) (3.2.3)
For simplicity, the nonlinear coefficient is assumed perfect. ie., a(n)=a and
s(n) = X (ma(n) = X (nN)a=s(n). Eq.(3.2.3) can be rewritten as follows:
h(n+1)=[ 1 =z, (Ms)s” (M) [(m) - g4, (Ms(mv(n) (3.2.4)
Secondly, we define the correlation matrix of linear coefficient error by R.(n-+1)
then we have:
Ry(n+1)=E {ﬁ(n 00 (n +1>}
-E {ﬁ(n)ﬁT (n)} -E {E(n)ﬁT (M, (Ms(m)s” (n)} -E {uhm)g(nﬁ (b (n)}

+E {uﬁ(n)g(nﬁ (mhmh (Ms()s” (n)} +E[ v msms’ m]  (3.2.5)
The cross-product terms of [I —,uh(n)§(n)§T (n)]ﬁ(n) and 4, (n)s(n)v(n) disappear
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because of the independence and zero mean assumptions of the near-end noisev(n).

It is reasonable to assume the linear coefficients error h(n)and nonlinear
powered input vectors(n), the linear combination between different powered input
signal x(n) and nonlinear coefficients, are all independent. Eq.(3.2.5) can be

rearranged as follows:

R.(n+1) = R.(N) ~ 24, (MR, (MR (M) + 122 (ME| s(n)s” (B (s’ (n)}

+ 44 (Mo, R (n) (3.2.6)

Since ﬁ(n)ET (n) is symmetric matrix and S(n) is zero mean, approximate
WGN, the third terms in Eq.(3.2.6 ) can be further simplified. By the other way, its

input data correlation matrix R (n) is different from the original one R, (n) .
Appendix A. gives the detailed mathematical derivation of approximating R (n)

by o1, . Then we can obtain

2

4 4 o
Rﬁ(n+1)=Rﬁ(n)—zThRﬁ(n)+rg[2Rﬁ(n)+tr(Rﬁ(n))I}+L2—;§av| (3.2.7)

Taking trace, Eq.(3.2.10) becomes

|2, Fhn FhOy
tr[Rﬁ(n+l)]—{l—T+(2+ Bl tr[Rﬁ(n)}T‘; (3.2.8)
By recursion, Eq.(3.2.8) can be represented as follows:
K.x(1-C’ K.
T =T+ ) L B penn o (329

1-C. 1-C

h

T.(0)2n[;
2

where C~é1_2_/L’h+(2+|_)%

h

2_2

K — /uhav

" Lo?
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C. is the convergence rate of linear coefficient error variance. It can be

determined with the knowledge of step size 4, and linear adaptive filter length L.

Convergence value is determined by C. andK.. Besides g, andL, power of the

local noise (o, ) and the nonlinear input (o7 ) are necessary for finding K. . According

to Eq.(3.2.9), we can easily find the variance of linear coefficient error at the n’th
iteration for nonlinear adaptive filter under assumption of perfectly known nonlinear

coefficients.

3.3 Nonlinear coefficient errar.convergence analysis

The nonlinear coefficient etror variance will be derived in this section. Similarly,
the linear coefficients are assumed to/ be perfect. The derivation procedure is almost
the same as section 3.2, but there .are still somie differences between linear and
nonlinear derivations. Let’s examine the nonlinear coefficient updated equation in

Eq.(3.1.1).

~ 2 2
In contrast to Hg(n)” in Sec.3.2, becomes very small when a single
2 2

laen)

input sample X(n) is close to zero. To avoid a large adaptation step towards a random
direction in this situation, a small constant ¢, (usually is 1) is added to the normalized

term. Substitute estimated coefficient error vector Eq.(3.2.1) and Eq.(3.2.2) into

Eq.(3.1.1) and rearrange it as follows:
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a(n+1)= é(n)—ﬂam)Q(n)[(ﬁ(n) +Rm)” X (ma+v(n) -0’ (n)é(n)}
=é(n)—ya(n)ﬁ(m[f(n)é(n)+§XT(n)ﬁ(n)+v(n)]

[ 1= @i’ @ |am) - s mima X @hm - ooV (3.3.1)

Eq.(3.3.1) is an iterative representation of nonlinear coefficient error vector
under the condition that linear coefficients are not perfect. Assume the linear
coefficients are perfect first in this section. Because of this assumption, the third term

in Eq.(3.3.1) can be eliminated and linear powered input vector u(n) is only

produced by product of perfect linear coefficients h and powered input matrix

X(n). We have

a(n+) =[ 1 -, (mu(mu’ (n) Ja(n) - g, (Mu()v(n) (3.3.2)
The correlation matrix of.*nonlinear. coefficient error at n+1’th iteration

R.(n+1) can be written as follows by substituting Eq.(3.3.2) into its definition,

R.(n+1)=E F(n +1)éT (n +1)}

—E {é(n)é <n>} -E {é(n)é (n) gz, (Mu(n)u’ (n)} -E {ﬂa(n)!(n)uT (na(n)a (n)}

+E {uﬁ(n)u(n)ﬁ(n)é(n)é (mu(nu’ <n>} +E[ 2 (v (mumu (m) ] (3.3.3)

Similarly, the cross-product terms of [I - ,ua(n)g(n)gT (n)} é(n) and
M, (Mu(n)v(n) disappear because of the independence and zero mean assumptions of

the near-end noise vV(n) .Eq.(3.3.3) can be further simplified by assuming the

independence of é(n) and u(n). It becomes

R,(n+1) = R (M)~ 24, (MR, (MR, (N) + 42 (NE {M (Mama (mumy’ (n)}

+ 42 (Noy R, (n) (3.3.4)
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The third term in Eq.(3.3.4) can not be simplified through the assumption applied

in Sec. 3.2. Due to the different statistic characteristic between s(n) andu(n), we
can not approximate R (n) by the product form between a constant value and

identity matrix. Taking trace on both side of Eq.(3.3.4) and assuming the correlation

matrix R-(n) is diagonal, so that we have

tr[Ré(n +1)] _ [1 2 ) tr[Ré(n)] L2 E {tr[u (n)ggl)u(n)u (n)]} ]tr [Ré(n)]

+ 1z (Motr[R,(n) ] (3.3.5)

Substitute the normalized step-size (see also Sec. 3.1) into Eq.(3.3.5), the equation

reads now
| E[ef s EJumf; | i
tr[Rﬁ(n“ﬂ[l Tt S QL] -2 o @)
Hy0,

+—E ["Q(n)"ﬂ (3.3.6)

0, 1s a small constant, if it* satisfies-the condition o, <« E[”g(n)”i} and

u

E [”g(n)”ﬂ >1. Eq.(3.3.6) can be approximated to be

2u E[Hg(n)”ﬂ e wo;
tr{R.(n+1) |=| 1-22+ Tt Ro(n) |+ —F——+ 3.
e e T = e A

where E[”g(n)”ﬂ and E[”g(n)”ﬂ are decided by different order moment value of

x(n) and linear coefficient vectorh. In order to keep the main object of this section,

the detail mathematical procedure about them has been given in Appendix B. We

define another two symbols P,, and P, to represent E[”g(n)”ﬂ and E[”g(n)”i}

respectively. Finally, the variance of nonlinear coefficient error becomes
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KexA-C) K when n 3.3.8
X —> © .
I—c. 1-cC. (5.3.8)

T.(n)=CIT.(0)+

: Q Pu22 Q
K Haoy
@ P

u2

P, 2E[Jumf; | and R, £ E[Jucm: ]

where

In contrast to the variance of linear coefficient error in Sec. 3.2, the variance of
nonlinear coefficient error is more complicated. There are two values more needed to

know (P,andP,,) first for getting the values of nonlinear coefficient error at n’th

iteration. According to Eq.(3.3.8), we can get the variance of nonlinear coefficient
error at the n’th iteration in nonlinear adaptive filter under assumption of perfect

linear coefficients.

3.4 Joint coefficient error-cenvergence analysis

In a real nonlinear AEC environment, the behaviors of linear and nonlinear
adaptive filters affect each other. We assume the nonlinear and echo responses are
time invariant for simplicity. The nonlinear coefficients are updated first then the
linear coefficients follow according to last time parameters in one iteration, we call

this updating strategy joint.

3.4.1 Imperfect linear coefficient error convergence analysis

Different from Section 3.2, we will derive the linear coefficient error variance by
considering the effect of nonlinear coefficient estimation error in this section.

Eq.(3.2.3) will be the linear coefficient updating equation by the relationship of
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h(n)=h—-h(n) :

£1(n+1)=[l—un(n)ﬁ(nﬁ(n)]ﬁ(n)—%(n)ﬁ(n)ﬂX(n)é(n)—uh(mﬁ(n)v(n) (3.4.1)
There are two different terms worthy to note. The third term in Eq.(3.4.1) is

produced by nonlinear coefficient error é(n) which is not present in Section 3.2, and
the nonlinear powered input é(n) is also related to the nonlinear coefficient error, i.e.,
s(m = X (ma(n) = X (n| a-am) ] (342)

Divide the correlation matrix of linear coefficient error into two parts according

to the nonlinear coefficient error effect is direct or not, it can be written as follows:

R4n+D=E{Em+nﬁkn+n}
-F {[(' ‘ﬂh(n)é(n)éT(n))ﬁ(n)—uh(n)é(n)nTX (Ma(n)— ﬂh(n)g(n)v(n)}

xﬁ(m@—mmémﬁhﬂ—mmélmx%m@%m—mmﬁlmwmﬂ

=Rﬁ(n+1)| +Rﬁ(n+1)|

indirect a(n) effect

direct a(n) effect (3.4.3)
The first term in Eq.(3.4.3) is similar to the Eq.(3.2.7) but the nonlinear powered
input é(n) is iteration variant now, the nonlinear coefficients are also estimated
imperfectly. It is equal to:
Re V4D | e 0 et
- Rﬁ(n)—2ﬂ—Lh Rﬁ(n)#(—gz[zRﬁ(n)thr(Rﬁ(n)) I J+#§(n)oﬂ (3.4.4)
where the estimated nonlinear powered input variance ng can be rewritten as: (see
also Appendix A)

ol ()= afﬁ+(a§ +2a1a3)W+ajF+ E[éf(n)}FJr E[éi(n)}?+ E[éi(n)}ﬁ (3.4.5)

It’s decided by different moment orders of the powered input, as well as perfect
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nonlinear coefficients and nonlinear coefficient estimation error. We assume that
different nonlinear order coefficient errors have the same error variance which is
equal to the average power of nonlinear correlation matrix. Eq.(3.4.5) can be

approximated as follows with Q =3
— — = v[RM]— — —
af(n)zan2+(a§+2a1a3)X4+a§X"’+—(X2+X4+X6)

=a’o; +3(a; +2aa, )0} +15a}0; +

It’s clear to know that the behavior of nonlinear coefficient error variance will be

introduced in Eq.(3.4.6) to affect the estimation powered input variance (of(n)) in

each iteration. Now, let’s look at the second term in Eq.(3.4.3) where the nonlinear
coefficient estimation error vector are, affected directly by multiplication between the
third term and others in Eq.(3.4.}), it,reads|as :

Re+ D)o s aer=
(0| BV X . o+ E S Xmai o |

2 () {E |33 mhma mX " WS |+ E| smh X mamb’ msms’m |
+E[ SO X (mama X mhs' o]+ E[ Smvma’ mX " mns' m|

+E[ S X mams' v | (3.4.7)
There remains only the fifth term in Eq.(3.4.7) according to the assumption :

both expectation values of nonlinear and linear coefficient error are zero and local

noise mean is zero. By eliminating the other terms, we have:

Re N+ D)o 0 tecc= 2n (ME [g(n)@ X (mama (mXTmhs' (n)} (3.4.8)

It’s straight forward that nonlinear coefficient errors need to be highlighted in
this equation to represent its effect in the behavior of linear coefficient error variance.

Substituting Eq.(3.4.2) and linear powered input into Eq.(3.4.7), we can have:
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uﬁ(n)E[ﬁ(n)E (u)é(n)é%n)u(n)?(n)}
= uﬁ(n){E[g(n)gT ama' mums’ m |+E] X mamy wama mums'm |

+E[ sy’ mama’ muma mX "o |+E[ Xmamu' wama muma X' ]| (3.4.9)
Because of E[é(n)] =0, we make an assumption that its third moment terms

will close to zero, i.e., the second and third terms in Eq.(3.4.9) will be zero. Besides,
the fourth term in Eq.(3.4.9) is also assumed too small to take account in Eq.(3.4.9).

Eq (3.4.9) can be approximated as:
RSN+ 1) |y 300yt = 45 (ME [g(n)gT Wama (mu(n)s’ (n)] (3.4.10)
Re-arrange Eq.(3.4.3) as follows:

Ri(n+1) =R (n+1)]| +R.(n+1)]

indirect a(n) effect direct a(n) effect

R 2 R g
= Ry(m -2 R ()44 [2Rﬁ(n)+tr(Rﬁ(n))|}+ Lzas(n)avl

+y§<n)E[§(n)nTX(n)é(n)éT(n)XTm)néT(n)] 34.11)

Take trace over both sides of Eq.(3:4:1}), itreads as:

tr[Rﬁ(nH)J

s  E|[ls]} Jumf; | o7
ot H # Il HrO,
{1_2Th+fg(2+ L)}tr[Rﬁ(n)}r ch;; 5 tr[ R, (m |+ |_ha§
Y [0l Py Hyo,
{1_2Th+fg(2+ L)}tr[Rﬁ(n)J+r::Ttr[Ra(n)}+#‘§ (3.4.12)

When nonlinear order Q =3
P, = af?+(af +a’ +2a1a3)F+(af +al+a’ +2a1a3)F+(a32 +a’ +2a1a3)W+ a2x"”
The detail derivation of E [” §(n)||2 ||g(n)||ﬂ can be obtained from Appendix

Eq.(A.9) and Eq.(B.7). According to Eq.(3.4.12), we can find that the behavior of

linear coefficient error variance is determined not only by linear coefficient error

variance but also by nonlinear coefficient error (i.e., tr [Ra(n)] and 0'5 ). In order to
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know behaviors of both nonlinear and linear coefficient error variance in imperfect
estimation, derivation on nonlinear coefficient error variance convergent behavior is

also necessary.

3.4.2 Imperfect Nonlinear Coefficient Error Convergence Analysis
Similarly, we start from Eq.(3.3.1) with the consideration of linear coefficient
estimation is imperfect. i.e., ﬁ(n) = h—ﬁ(n) ; it reads as:
a(n+1)=| |- @EME O [a)- e’ X RO -, @IOUO)  (3.4.13)

Linear coefficient error effect is introduced by ﬁ(n) andg(n) in Eq.(3.4.13).

On account of convenient representation, the correlation matrix of nonlinear

coefficient error is still divided intostwo parts: one part is similar to Eq.(3.3.3) but the

~ 2
linear powered input variance g(n)” is astrandom variable at each iteration, the
2

other part is collection of the terms“mcluding linear coefficient error effect directly.
Through that, the correlation matrix of nonlinear coefficient error can be represented

as follows:

Ri(n+)=E {é(n + 1)éT (n+ 1)}
= E{ [(' —ﬂa(n)ﬁ(n)QT(n))é(n)—ﬂa(n)ﬁ(n)@T X (n)h— #a(n)g(n)v(n)}

x[é%n)(l —uam)ﬁ(n)QT(n))—ua(n)ﬁTX(n)a_GT(n)—ﬂa(n)ﬁT(n)v(m} }

=R.(n+1)] +R.(n+1)]

indirect (n) effect direct (n) effect (34 14)
Here is the first term in Eq.(3.4.14):

R(n+1)]

indirect h(n) effect
T

= R.(M) ~241,(MR (MR, (M) + 2 (ME| 410 (Ma(n)a (n)ﬁ(mff(n)}u:(n)afRﬁ(n) (3.4.15)
The correlation matrix of estimated linear powered input Q(n) has the linear
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coefficient error vector ﬁ(n) effect. It also needs to be updated at each iteration.
The second term in Eq.(3.4.14) is the multiplication between the third term and
other terms in Eq.(3.4.13). It is represented by:
Ra+1) |t o =
—ﬂa(n){ E [é(n)ET (mX (n)g&n)} E[ dma’ X" (mhma’ (n)}}
€[ dmi’ mamR" X mad o |+ £ dma’ X mhma’ mimi' o]
+E| dma X" BOR X mad’ () |+ E[ dmumi mX mad’m |

+E[dma’ X" mhmi' v | (3.4.16)
Eq.(3.4.16) can be rearranged as follows with the assumption of E[ﬁ(n)] =0,
E [é(n)} =0 and local noise has zero mean.

R,(n+1)

s s = 4 OE] G X TMB@R’ (X (mad | (3:417)

Substitute definition of estimation linear-powered input Q(n) into Eq.(3.4.17) and it

extends to the following equation’

u:(n)E[Q(n)gT X (MR’ X (n)aif(n)}
- u:m){E[g(n)@TXTm)E(n)ET(n)X (mau’ (n) [+E| X™ (s’ @hmA’ msmu’ (|

+E[ums MBOR smA’ X @ |+ E[ X" mAms @AMA msmh’ mX (n)}} (3.4.18)

Due to the estimated linear coefficient error is zero mean, the second and third
terms of Eq.(3.4.18) will close to zero. And the fourth term is so small compared to

first term that it can be isolated. Eq.(3.4.18) can be simplified to an approximate

result.
R0+ D) ™ 42 (VE | uma” X mMBA’ ()X (myau” (m) | (3.4.19)

Combining Eq.(3.4.15) and Eq.(3.4.19), Eq.(3.4.14) will be rewritten as:
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R, (n+1)

=R.(n+1 +R.(n+1)|

) |indirect h(n) effect direct h(n) effect

T

- R5<n>—2ua<n)Rﬂ<n>R5(n>+ﬂ§(n>E{ﬂ(n>ﬁT (MWa(na (n)ﬁ(n)f(n)}yi(n)ofRa(n)

+ £ (E| uma’ X" mhmA' X ma’ m) | (3.4.20)

Applying trace operation in Eq.(3.4.20), it becomes

tr[R(n+1)]

PR L W = O L) G (0 )

- ° Pefio 2}2 7| “<”>H | :

1 a _jE{u(n)z} i |
ey | e ) o4

When nonlinear order Q =3

P, = a57+(af +a; +2alag)F+(al2 +a; +a; +2ala3)ﬁ+(ag2 +a’ +2a1a3)W+a§W
It is similar to the behavior of linear coefficient error variance in Eq.(3.4.12), the
current nonlinear coefficient error variance-will deépend on both linear and nonlinear
coefficient error variance of last iteration. By'the other way, the iteration variant linear

powered input Q(n) also plays an important role in the nonlinear coefficient error

behavior equation.

3.5 Modified adaptation strategies

We hope to give some helpful information about nonlinear and linear coefficient
adaptation strategies in nonlinear AEC. Because there are two filters, nonlinear
polynomial filter and FIR filter, work together in the nonlinear AEC system, the

coefficient error variance behavior will affect each other with the “Joint” adaptation
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strategy, like the approximated derivations showed in Section 3.4. We start from the

original “Joint” adaptive update and try to find better adaptation method for nonlinear

AEC. Besides “Joint” adaptation, there are four more updating strategies which are

described as follows:

1.

Joint: The straight forward adaptive method achieved by updating nonlinear and

linear coefficients respectively in one iteration.

Block Interleave: The linear coefficients are updated in first L iterations (128)

(block), then updating the nonlinear coefficients in next L iterations and so on

recursively.

Select and Go: Joint adaptation is applied«in first L iterations, selecting the

nonlinear coefficients by :the L ’th iteration and keep it, only keep updating

linear coefficients in following iterations.

Select and Go, Joint: The first two phases are the same as Select and Go strategy.

Switching to “Joint” strategy for phase III when iteration numbers larger than

iteration threshold number (i.e., 5000).

Go, Go, Joint: Only updating linear coefficients in phase I, once the iteration

number has been satisfied with 1250, switching to phase II, updating nonlinear

coefficients only. Do not turn into “Joint” mode (phase III) until nonlinear

coefficients are adapted 50 times recursively.

We make comparisons between five strategies with respect to echo power

35



Converged rate and final converged value. Comparison results are briefly organized in
Table 5.1. Simulation results are provided in Section 5.4.

These adaptation strategy simulations indicate that:

® In transient phase, linear coefficients dominate the echo power Converged

rate. Therefore, ﬁ(n) should have to converge to some degree first, before

the nonlinear coefficient adaptation is enabled.

® Nonlinear coefficient adaptation is an important part for achieving the
reasonable small echo power converged value in steady state phase, i.e.,
they should be updated in steady state phase.

® No matter what strategies are applied in beginning, the reasonable echo

power converged value,ean be approached by applying joint adaptation but
it should not be too late:

The simulations results showed. that the “Go, Go, Joint” adaptation strategy has
the fastest converged rate and smallest converged value over five adaptation strategies.
Through that, linear coefficient adaptation needs to be concerned first and nonlinear
coefficient adaptation is introduced when the condition is met: the linear coefficients
stay around “the almost right place”. By the other way, if the nonlinear AEC
environment is time-variant, the adaptive procedure needs to repeat again once the

echo paths change.

36



Chapter 4

Stereophonic Acoustic Echo

Cancellation

The fundamental problem of stereophonic acoustic echo cancellation (AEC) is
the nonuniqueness problem because of remote (far-end) transmission room’s multiple
high correlated impulse responses [11]. Most methods use the decorrelators to solve
the nonuniqueness problem by applying some kinds of nonlinear transformation on
far end microphone input signals [12]. Morgan’s study [13] also shows that the lower
coherence of input signals, the faster convergence and the lower the coefficient
misalignment. But it needs some cost on system structure modification and
computation complexity for employing nonlinearities in stereophonic AEC.

More recently, using partial update schemes to reduce the coherence in
stereophonic AEC is an alternative for solving nonuniqueness problem [14] [15]. In
[14], the MMax-NLMS algorithm has been proposed; it employed an efficient

technique to determine a tap selection set that gives an approximate joint optimization
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of maximum absolute sum of the sub-sampled tap-input vectors and minimum
inter-channel coherence. By the other way, Hirano proposes a stereophonic AEC
without pre-processing; it is achieved by dividing the filter coefficients into two
portions (i.e., front and back) and update one part at a time [15].

In mono AEC, Dogangay has proposed a selective partial updates structure to
reduce the computation complexity of an adaptive filter by adapting a block of the
filter coefficients rather than the entire filter at one iteration [16]. Hirano proposes a
stereophonic AEC partial update scheme but he does not give a detail analysis on
coefficient error convergence behavior. We are trying to analyze the coefficient error
convergence of the partial update stereophonic AEC structure according to
Dogancay’s mono AEC partial update analysis works.

We will introduce the partial update method of stereophonic AEC in Section 4.1,
including notations and recursively updated equations. In Section 4.2, we derive the
general iteration formula for the coeffiCient-error variance. Finally, we try to combine
the nonlinear loudspeaker with stereophonicAEC to reduce the coherence of input

signals and to achieve a better coefficient misalignment result.

4.1 Partial update of stereophonic AEC [14][15]

The general stereophonic AEC scheme had been introduced in Section 2.3. We
only define the configurations used in following derivation and introduce the partial
update coefficient adaptation equation in this Section.

In Figure 2.3, assuming the talker’s signal S(n) is continuous-valued White

Gaussian Noise (WGN) with variance o in the following Sections. It is different
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from the previous configurations in Section 2.3, the far end impulse responses and
near end echo path are all assumed to be time invariant. (i.e.,g l(n) =9, 9 2(n) =9,
and h,(n)=h,, h,(n)=nh,) for simplicity.

The following notations are necessary for the derivations:

M = number of near end impulse response g, coefficients
N = number of far end impulse response h; coefficients
L = number of adaptive filter ﬁi(n) coefficients
B = partial update block number, when divided into front and back, B =2
o’ = E[v(n)*], noise power
g, =[gi50,giﬂl,---,gi’Mfl]T, i=1or 2; far end impulse response
h, :[gi,o,gi,l,---,gi,Nfl]T, i=1or 2 ; near end impulse response
h(n) = h—h(n) =[ho(m)shin), -, hi (M7, linear coefficient error vector
_QiT 0 8. o0 Pl
0 g= 0 = 0
G, = - e , far end channel matrix , i=1or 2
0 09 0
T
L 0 v 0 gi JdLx(M+L-1)
X, tront (M) = [x,(n), xl(n—l),---,xl(n—%ﬂ)]T, channel 1 half front block input
X, pack (M) = [xl(n—%),---,xl(n—L+1)]T, channel 1 half back block input
4, (n) = LZ normalized stepsize of coefficient,i = front or back
QI
R,(n) = o.-l,,.,, talker's signal autocorrelation matrix
Rﬁl (n) = E[El(n)ﬁlT(n)], correlation matrix of coefficient error

For convenience, only echo cancellation for the one microphone signal will be

discussed here. Similar results will apply to the other microphone signal. Introducing
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the Lx L diagonal matrix A [16] to select the half front or half back input block for

partial (half) coefficient adaptation [15], we write the partial coefficient updating

equation as follows by NLMS algorithm:

Partial (half) coefficient updating equation is defined by:

h,(n+1)=h, )+ z(n) Ax (ne(n) 4.1.1)
where e(n) =d(n)— y(n) (4.12)
diag(, ---, 1,0, --- ,0) i= front, L's 1in half front part
A = i (4.1.3)
diag(o, ---, 0,1, --- ,1) i=Dback, E's 1 in half back part
A AT AT
y(n)=h, (n)x,(n)+h, (n)x,(n) (4.1.4)
d(n)=hy x,(n)+h; x,(n)+v(n) (4.1.5)

In next section, we try to:deriveran approximated recursive equation for the

variance of coefficient error in the partial update stereophonic AEC scheme.

4.2 Partial update coefficient error convergence analysis

Now, we will derivate the variance convergence behavior of coefficient error in

partial update stereophonic AEC. First, express the coefficient error vector as

hy(n) =h, —h,(n) 4.2.1)

Rearranging Eq.(4.1.1), we can have:

By (n+1) = 1= 2mAx (m)x; (M) |B, (M= (M A X, (WX, (M, (1) (4.2.2)
— (VA x,(n)

According to the definition of correlation matrix and assumption of error vector

40



and source signal s(n) are independent, the coefficient error correlation matrix reads

as:

Rﬁ (n+1)
= R m-umAR mGR(MG - umAGRmMGR ()

—uf(n)AzGlE{sm)sT(n)Gf ), Gl(n)sm)sT(n)}Gf
~uMAR  (mG,R MG +u3(n)AZG,E{s(n)sT<n)GI ﬁl(n)ﬁZ(n)st(n)sT(n)}GI
~uMAGRMG]R (n)+uﬁ(n)AzGlE{sm)sT(n)G; h, (), (VG s()s (n)}GI

+uﬁ<n)AzG,E{s(n>sT<n)GJ Hz(mﬁz(mst(n)sT(n)}Gf + 4 (o AGR. G (4.2.3)

where X,(n) =G, -s(n)and X,(n)=G, -s(n)
The effects of the far end impulse response are introduced by matrix G, ; it is

defined in Section 4.1, which contains, g i and performs convolution between s(n)
and g . Eq.(4.2.3) can be further simplified by defining zl(n):GlT ﬁl(n) ,

iz(n) = GZT Ez(n) and using Gaussian.assumption [see also Appendix C]. It becomes:

Rﬂ (n+1)

R (m)-u(mo2A {Rﬁ MGG +GG/R m+R (MGG +GGR (n)}

h,

2 Mot AG, [RE M+R  m+R  m+R (n)}GlT

+u’ (n)o! {tr[Rf (n)j+tr(Rf ) (n)j+tr(Rf f (n)]+tr(Rf (n)ﬂAGlGI

Mool AGGT (4.2.4)
Define Kij = GiGjT i, j=1or 2, Rewrite Eq.(4.2.4) as follows:
Rﬁ] (n+1)
“R -4 A|R 0K, +K,R 4R 0K, +K.R (]

20 moA KR 0K+ KR @K, +KR 0K, +K.R (K, |

+u’ (n)o! {tr(K“RB (n)j+tr(K21Rﬁ; (n))+tr(K12R ) (n))+tr(K22Rh (”)HAKH

h, h,h

+y12(n)c752(7VZAK” (425)
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Eq.(4.2.5) showed that coefficient error variance of adaptive filter ﬁl(n) is
determined by the interaction of four major terms: its previous coefficient error

variance R (n) , the other channel coefficient error variance R (n) ,
h[ DZ

cross-correlation of two channel coefficient error R (n) and the far end impulse
h;h,

response effect Kij .

For simplicity, we make another assumption that El(n) and Ez(”) are

uncorrelated, i.e., R
h

=1

~(n)=0. Eq.(4.2.5) can be further simplified as follows:
h,

Ra (n+1)
=R (m-p(malA [Rﬁ MK, +K,R (rw)}za;‘uf(n)ﬁx[KHRH MK, +K,R (n)Kﬂ}

+,u2(n)U: [tr(KuRH (n)j"‘tr(Kzer—1 (n))} AKII +/u12(n)6v20's2AK11 (4.2.6)

Applying the trace operation on both sides and tr(AK,,) :%Hg1 ’ , B 1s the partial
=112

update block number as mentioned‘in'Section 4:2:1. It is given by

tr ( Rh (n+ l)j
:tr[RH (n)j_ 4(mo? HK“A R (n)j+tr(A K.R (n)ﬂ+zg; #lz(n){tr[K”AK“Rh (n)j+tr( K, AK.R (n)ﬂ

cotwm ol e[ KR @)er(KR o]]+oioim o] 4.2.7)

Assume that the diagonal elements of K ,R (n) , K,R (n)K, and
h] hl

K,,R. (n)K,, are uniform distributed, due to the fact that A ’s effect can be replaced
h

2

by a simple ratio % in 2™, 3 4™ and 5™ terms of Eq.(4.2.7). To further

simplify K;; , denote the SVD decomposition of the far end channel matrix G; as:

G =QXV' ,i=lor2 (4.2.8)
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then

K,=GG' =QDQ/ i=1or2 (4.2.9)
where

Q, : orthogonal similarity matrix , QQ/ =1,

D, =diag{4 .4 ... 4 },eigen values of K;
Eq.(4.2.7) can be further represented as follows:

tr[R, (n+1)]
_[R, (n)]_Lg)Gsztr[Dlel(n)}u%{tr[DﬁRw(n)}+tr[K21K12RH (n)}

+53ﬂ12(n)%“g1”2{tr[Dlel(H)JJF”{KzRHZ(n)}} Zafyfm)—ugluj (4.2.10)

where d,(m)=Q'h,(n) and R, (m=Q'R (mQ

Substituting z,(n) = T into- Eq.(4.2.10) and re-organizing it, we have:
LO'S2 9.1,
tr[R,, (n+l)]
=tr[R, (n)} 2” tr[ DR, (n)}+$ﬂ:tr[DfRdl ]+ Zﬁy tr[KlzR (n)KZl}
gl H gl
Bﬂz { } u ol
+ (”) 2 (4.2.11)
s, s [, >

Substituting Eq.(4.2.8) in to K; =GG; i,j=10r 2andi= |, the 4™ term in
Eq.(4.2.11) can be represented in Rgz (n) as follows:
tr(KlzRH (n)Kﬂj:tr(GfGng R (n)sz

=tr(V,\DV/'V, 21 R, M2, V))
tr(X,V,V,DVV, 21 R, (m) (4.2.12)

and tr[KzRN (n)} = tr[D2 R, (n)], the final iterative formula for the variance
h, -

of the first channel coefficient error reads as:
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tl‘[Rgl(r‘Hl)J
=tr[Rgl(n)}+Buz_2ﬂ tr[ DR, (m]+ 2B r[ DR, (M ]

s, Ul ||

+ 2B W [T VIVDVV, SR, ]+ [ DR, (m) ]+~ "2 (4.2.13)

Clal, || || ||9 .2

According to Eq.(4.2.13), in order to find the values of tr[DlRgl (n)] and

tl’[Dl2 Rgl (n)] , it needs to know the matrix information of Rgl (n). Rgz(n) is also
needed for determining the values of tr I:szZTVI DVI'V,2 R, (n)] and

tr [ D, Rgz (n)} . We can not know the variance behavior of single channel coefficient

error only by its last iteration variance. We need to know the iterative matrix

information, including Rdl(n) and Rgz(n)' Reorganize Eq.(4.2.6), Rgl (n) is given

iteratively by:
R, (n+1)
=R, ()~ B“z A[R, D, + DR, ]+ 27] ”” A[DR, mD,+Q'K.QR, mQK,Q]
Lilg, g
ol B’
. [tr(Dl R, (m)+tr (D,R,, (m)]AD, #rCAD, (4.2.14)

S

il 912

Similarly, R, (n) is written as:

Ry, (n+1)
=R, (- B“z [R, D, +D,R, m]+ H H A[D,R, mD, +QIK,QR, mQ'K,Q.]
L9, 2
H T “_[r(D.R, m)+tr(DR, m)]AD. +‘i Bur A 2 (4.2.15)
9

Finally, Eq.(4.2.14) and Eq.(4.2.15) are working together iteratively to represent
the two joint channel coefficient error behavior. We have tried to give efforts on
transforming the coefficient error behaviors in another domain to make a simpler
analysis in this section. Unfortunately, these two joint error variance equations can not

be further derived into a simple form. Even that it can not be further simplified, some
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meaningful information are given in the convergence analysis equation. The

convergence iterative value is decided by (respect to Rgl(n+1) ): (1) previous
convergence value Rgl(n)’ (2) local noise variance o, , (3) previous convergence
value of another channel Rgz (n) and the most complicated part of (4) multiplication
between transmission room effect( K, , K, )and previous convergence value of
another channel Rgz(n). The (1) and (2) effects are similar with the result of

monophonic AEC convergence analysis [16]. But the local noise variance o will be

isolated easily, if it is too small to compare with the norm of far end impulse response.
By the other way, (3) and (4) are the main difference between monophonic and
stereophonic AEC convergence equations. Especially, (4) highlights the effect of

transmission room impulse responses in asstereophonic AEC convergence analysis.

4.3 Nonlinear loudspeaker and stereophonic AEC

Applying nonlinearities on the far end input signal is one of the effective
methods to overcome the nonuniqueness problem in stereophonic AEC. In spite of
many studies discussing various applications of nonlinear operation in stereophonic
AEC system, the nonlinearities also exist in loudspeakers of teleconferencing system.
In this section, we try to verify that the introduction of a nonlinear loudspeaker (NLS),
simulated by memoryless polynomial filter, will provide a better result on echo power
behavior than the original stereophonic AEC without NLS. In Figure 4.2, we replace
the linear loudspeakers and adaptive filters with the nonlinear loudspeaker and
preprocess scheme (see also Section 3.2) separately, i.e., the NLS / NAF mode. The
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far end signal x,(n) will undergo the “nonlinear operation” before they go through

echo pathh;(n), this procedure is similar to the nonlinearities introduced in other

researches.
X, (n)
X, (N)
Near | End Room Far End | Room
2 A o @
Preprocess Preprocess
a,(n) hy(m|| ) hy(n) g%\ /%
|
/ / s(n)
% %
Q(n) NL NL
far
d(n) T e

Figure 4.1 Steteophonic AEC with NLS and Preprocessor

First, we demonstrate the echo power behavior in three “channel/adaptive-filter”
combination modes (simulations see also Section 5.7). Stereophonic AEC with NLS
have better echo power behavior than that without NLS. The nonlinearities in
loudspeaker will provide “nonlinear operation” effect on far end input signals to
achieve a better converged result.

Secondly, we present the comparisons of misalignment (or echo power) in
different nonlinear degree (see also Figure 5.7.6). The more significant nonlinearity is

the smaller convergence value is.
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Chapter 5

Computer Simulations

In this Chapter, computer simulatiens aré introduced to verify the algorithm and
describe some observations discussed in-Chapter 3 and Chapter 4. First, we will
define some parameters and measure' equations used in following simulations In
Section 5.1. Second, when the other coefficients are perfect and fixed, the linear or
nonlinear coefficient error convergence analysis will be verified separately in Section
5.2. Third, the coefficient error convergence analysis will be demonstrated again
without perfect coefficient assumption in Section 5.3. Fourth, we introduce and
compare the five adaptive strategies for nonlinear AEC in Section 5.4. Last, there are
some supplemental simulations for nonlinear AEC in Section 5.5.

For stereophonic AEC, verifications of coefficient error convergence analysis are
given in Section 5.6. Combining stereophonic AEC with nonlinear loudspeaker, three
different “‘stereophonic channel/adaptive-filter” modes will be introduced and
compared in Section 5.7. White Gaussian noise is used as input signal without any

additional statement in following Sections of this Chapter, and speech signals will
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also be used for verifying some results in Section 5.5.

5.1 Simulation parameters and room impulse responses

The near end room echo path responses h(h, in stereophonic channel) andh,
shown in Figure 5.1.1 and Figure 5.1.2 separately, are generated by computer
simulations. Similarly, far end room impulse responses g 1 and g ,used in stereophonic
AEC simulation are illustrated in Figure 5.1.3 and Figure 5.1.4. Figure 5.1.5 shows
the speech signal with sampling rate 8K Hz, this speech signal will be used to verify
the nonlinear AEC scheme in Section 5.5. The nonlinear memoryless polynomial
channel is defined by the vector a with nonlinear orderQ =3 ; the three nonlinear
coefficients are fixed by:

a=[a,a,a,] =[1,01,08] (5.1.1)

The first element can be- thought-as the weight will multiply to the linear

response, it is normalized to be 1;'the.second and third nonlinear harmonic weight are

decided by the harmonic distortion comparisons in [4].

In following simulations, two main remarks are used to compare the performance:
one is residual error power €’(n) ; the other is misalignment (normalized tap
coefficients error) &(n) or its square value&*(n). The misalignment is defined by

following equation:

2

KO

|, :2—norm (5.1.2)

Residual error power is a value used to measure the echo reduction performance
of AEC. It is equivalent to misalignment in monophonic AEC; in contrast, it does not

provide information about misalignment in stereophonic AEC. By the way,
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misalignment represents system tracking ability of AEC for room impulse response
(RIR).

And the system signal to noise ratio is defined as:

SNR élOloglo% (5.1.3)

v

where p, and p, are the average power of far end signal X(n) and local noisev(n).

We assume both numbers of linear filter tap and length of RIR (h) equal to 128. If

there are not any other statements, the following parameters are used in simulation:
SNR: 20 dB

NLMS Linear Step Size: g, =0.05

NLMS Nonlinear Step Size: 1, =0.01

Impulse Response h1
0.4 T T T T

Amplitude

0.4 I | | I I I
0 20 40 60 80 100 120 140

Sample(s)

Figure 5.1.1 Near end room impulse response h (h,)
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Impulse Response h2
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02+

01+
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20 40 60 80 100 120
Sample(s)

Figure 5.1.2:Near end room impulse response h,

Impulse Response g1

140

0.3

021

01+

Amplitude
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Sample(s)

Figure 5.1.3 Far end room impulse response g 1
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Amplitude

amplitude

0.3

0.2

0.1

08

Impulse Response g2

10 20 30 40 50 60
Sample(s)

Figure 5.1.4'Far end room impulse response g ,

Speech Signal

0.5 1 1.5 2 25 3 35 4
sample(s) x10*

Figure 5.1.5 8K Hz sampling speech signal
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5.2 Individual coefficient error convergence

5.2.1 Linear coefficient error convergence

According to the assumption of nonlinear coefficients are perfect, the behavior
derivation (i.e., Eq.(3.2.9)) of linear coefficient error convergence will be verified by
the computer simulation in this Section. Coefficients of the linear filter in echo
canceller are initialized to zero. Nonlinear coefficients are perfect and fixed.

The comparison of theoretical derivation and simulation is shown in Figure 5.2.1.

Linear Coefficient Error Convergence ( a Perfect Assumption)

0 T T T T T I
=— Simulation
------- Theory

a —
A
=
Nw

1] ull
&
=3
o
w

‘.E e
[}
£
c
=y

E = |
0
=

45 | | | | | I I
0 0.5 1 1.5 2 25 3 35 4
il
Number of Iteration : n x10

Figure 5.2.1 Linear coefficient error convergence simulation and theory

The converged line drew by theoretical equation Eq.(3.2.9) almost matches the
simulation result in Figure 5.2.1. It indicates that the analysis of linear coefficient

error convergence in Section 3.2 is correct and appropriate.
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5.2.2 Nonlinear Coefficient Error Convergence

We verify nonlinear coefficient error convergence analysis Eq.(3.3.8) by

computer simulation in this Section. The nonlinear coefficients are initialized to
be [I,O,O]T, it is equivalent to only linear adaptation in the beginning. Linear

coefficients are perfect and fixed. The comparison of theoretical derivation and

simulation is shown in Figure 5.2.2.

Nonlinear Coefficient Error Convergence ( h Perfect Assumption )
'1 0 T T T T T T I

I
=— Simulation

misalignment square sz(n) (dB)

.55 I I \ \ I \ \ \ \
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Number of Iteration : n

Figure 5.2.2 Nonlinear coefficient error convergence of simulation and theory

The theoretical convergence analysis Eq.(3.3.8) is an approximated result, it

keeps 2~3 dB away from simulated line in the converged phase.
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5.3 Joint Coefficient Error Convergence

Without the assumption: linear or nonlinear coefficients are perfect, we have
derived the two analysis equations (i.e., Eq.(3.4.12) and Eq.(3.4.21)) for the joint
coefficient error convergence in the situation of linear and nonlinear coefficients error
affect each other. Because the interaction of these two approximated convergence
analysis equations will lead the convergence behavior to a bigger inaccuracy state. We
compromise between pure theory and simulation: in stead of depending all the
iteration of two analysis equations, we take the n’th simulated nonlinear (linear)
coefficient misalignment as the parameter for calculating the n+1 ’th linear
(nonlinear) coefficient misalignment. We call it “Semi-Theory” mode. Here are the
verifications for linear coefficients analysis equation (Eq.3.4.12) for different SNR

values in Figure 5.3.1(20dB), Figure 5.3.2(10dB) and-Figure 5.3.3(5dB).

Linear Coefficient Error Convergence ( without perfect assumption )
0 T T T T
— Simulation
------- Semi-Theory
-5 —— Ref. Theory (perfect assumption) ||

misalignment square g2 (n) (dB)

45 I \ !
0 0.5 1 1.5 2 29

Number of Iteration : n x10

Figure 5.3.1 Linear coefficient error convergence in semi-theory (SNR=20dB)
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Linear Coefficient Error Convergence ( without perfect assumption) SNR=10 dB

0 T T T |
= Simulation
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©
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-35 | I I |
o] 0.5 1 15 2 25
5
Number of Iteration : n x10

Figure 5.3.2 Linear coefficient errorrconvergence in semi-theory (SNR=10dB)

Linear Coefficient Error Convergence ( without perfect assumption ) SNR=5 dB
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Number of Iteration : n x10

Figure 5.3.3 Linear coefficient error convergence in semi-theory (SNR=5dB)
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Unlike the linear coefficient convergence behavior under perfect nonlinear
coefficients, the “Semi-Theory” line (dot-line) can match the slower converged trend
of simulation and has the almost same value for final convergence results for different
SNR values in Figure 5.3.1~5.3.3. By the way, the smaller SNR value, the higher
coefficient error convergence value we have. The increased coefficient error

convergence value is almost equal to the SNR decrease value.

Nonlinear Coefficient Error Convergence ( without perfect assumption)
10 T T I I
= Simulation
------- Semi-Theory
—— Ref. Theory (perfect assumption)

misalignment square &2 (n) (cB)

I
0.5 1 1.5 2 25
Number of Iteration : n x10°

Figure 5.3.4 Nonlinear coefficient error convergence in semi-theory (SNR=20dB)

Although it has a big inaccuracy in the beginning in Figure 5.3.4, the more
iterations the smaller inaccuracy can be obtained in the rest part of nonlinear
coefficient error convergence. Similarly, both “Semi-Theory” and simulation have the
similar convergence value in the back part of convergence. Nonlinear coefficient error

convergence for different are shown in Figure 5.3.5~5.3.6.
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Figure 5.3.5 Nonlinear coefficient erroriconvergence in semi-theory (SNR=10dB)

Nonlinear Coefficient Error Convergence (without perfect assumption) SNR=5dB
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Figure 5.3.6 Nonlinear coefficient error convergence in semi-theory (SNR=5dB)
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5.4 Adaptation strategies for nonlinear AEC

5.4.1 Five adaptation strategies

Five major adaptation strategies (operation descriptions see also Section 3.5) will
be compared in this section. These strategies are obtained and modified by
observations of simulation results. The first starting strategy is the original adaptation
method: joint update, nonlinear and linear coefficients are updated iteratively in
cascade order by the preprocess scheme. First of all, we demonstrate the residual error
power behaviors of five different adaptation strategies. Then, the description will be

emphasized on how we find the two faster strategies: “Select and Go, Joint” and “Go,

Go, Joint”.
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& 4. Select and Go, Joint |
--- 5. Go, Go, Joint
_10 |
| 1.
'
154

-20

residual error power ez(n) (dB)

==

I e s
=
=5
w
s

iy

m‘ﬂ iy il ;

i,

-25

T
s

ol B .
%"W”M'Mwmwww»wMmmﬁmewmwmm.wwwmw«x Ll s i

-35 1 | | 1 I | | | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Number of Iteration : n { x 100)

Figure 5.4.1 Residual error power of five adaptation strategies
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We will recommend the “Go, Go, Select” adaptation is the appropriate strategy under
the considerations of convergence rate (fastest) and converged value (smallest). In
Figure 5.4.1, “Block Interleave” also has a small converged value but it takes a long
time (140,000 samples, i.e., 17.5 seconds for 8K samples) to converge to the steady

state. Comparison results are briefly organized in Table 5.1.

Adaptation Converged rate Converged value
Strategy (Transient Phase) (Steady State Phase)
Joint Slow -27 dB
Block Interleave Slowest -30dB
Select and Go Middle -24 dB
Select and Go, Joint Fast -29 dB
Go, Go, Joint Fastest -31dB

Table 5.17Adaptation strategies comparisons

5.4.2 Behaviors of nonlinear coefficient misalignment

The adaptive procedure “Select” both in “Select and Go” and “Select and Go,
Joint” strategies is to select the L’th nonlinear coefficients and keep it for a while; this
method is modified from the phenomena that the nonlinear coefficient misalignment

will have a respective smallest value in the first L iterations.
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Misalignment of Nonlinear Coefficients ( Zoom-In )
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Figure 5.4.2 Nonlinear coefficient misalignment in a zoom-in scope

“Select and Go” strategy-keeps the selected nonlinear coefficients and only
updates linear coefficients in the following adaptation. It is different from “Select and
Go, Joint” stragy, “Select and Go, Joint” strategy restores “Joint” adaptation when
iteration numbers is greater than the desired threshold iterations: 5000. Because of
nonlinear coefficients can be further achieved to a smaller misalignment, the “Select
and Go, Joint” strategy can have a better residual error power behavior than “Select

and Go” strategy, like the simulations in Figure 5.4.1.

5.4.3 “Go, Go, Joint” adaptation strategy

The main idea of “Go, Go, Joint” strategy is giving more weight on linear
coefficient in transient phase for achieving better residual error power behavior. Only

the linear coefficients are adapted first, turn into nonlinear coefficient adaptation

60



when the adaptation numbers threshold (1250) is satisfied; finally, applying “Joint”
adaptation if nonlinear coefficient adaptation number is greater than 50. The residual
error power behavior of “Go, Go, Joint” adaptation strategy is shown in Figure 5.4.1.
But it does not give a clear view to tell the different adaptive phases. Three different

adaptive phases can be recognized more clearly in Figure 5.4.3.

Misalignment of Nonlinear Coefficients ( Go, Go, Joint )
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Figure 5.4.3 Three phases of “Go, Go, Joint” strategy in nonlinear

coefficient view

In phase I, only the linear coefficients are updated, the nonlinear coefficients
keep fixed. The nonlinear coefficients begin to update and the linear part are kept
fixed in phase II; this phase has the fewest iterations among the three phases because
the linear coefficient misalignment had been adjusted to some correct degree. It is
more efficient for making the nonlinear coefficients approach to the right direction
than that without any linear coefficient adaptation first. In phase III, the “Joint”

adaptation are applied; linear and nonlinear coefficients are adapted together in a
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more correct sense than applying “Joint” strategy directly in beginning iteration.
According to the simulations, the linear threshold plays an important role in this
strategy in first phase. Can we have first phase iteration threshold as long as we want
and get a better convergence result? The answer is “No”, simulations are shown in

Figure 5.4.4 and 5.4.5.

Misalignment of Nonlinear Coefficients ( Go, Go, Joint )
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Figure 5.4.4 Misalignment of nonlinear coefficients in different linear

iteration threshold
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Figure 5.4.5 Misalignment of linear'coefficients in different linear
iteration threshold

When the linear iteration threshold is longer, we can not obtain a better
misalignment behavior both in nonlinear and linear coefficients. In stead of showing
the residual error power in different linear threshold; here, we take the coefficient
misalignment for demonstration because it has the equivalent but more direct effect
than residual error power representation.

In Figure 5.4.1, the “Select and Go, Joint” and “Go, Go, Joint” strategies have
the similar behavior both in transient and steady state phases. Can we have a better
convergence behavior than that in the “Go, Go, Joint” by tuning the only parameter:

linear coefficient only adaptation numbers (5000), in the “Select and Go, Joint”?
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Figure 5.4.6 Echo power comparisons of two adaptation strategies

In Figure 5.4.6, it shows that no matter what linear coefficient only adaptation
numbers are used in the “Select and Go, Joint” strategy, the “Go, Go, Joint” strategy

still has the better convergence behavior than “Select and Go, Joint”.

5.5 Extended simulations for nonlinear AEC

5.5.1 Insufficient order of nonlinear coefficient

Tow sets of simulation comparison are provided in this sub-section: one is the
residual error power comparison between the linear adaptive filter and the sufficient

order (nonlinear order Q =3 ) nonlinear adaptive filter; the other is the comparison of
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residual error power performance in sufficient and insufficient order nonlinear

adaptive filter. In Figure 5.5.1, the order of nonlinear channelQ =3; we use linear

adaptive filter and sufficient order nonlinear adaptive filter to cancel the echo signal

separately.
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Figure 5.5.1 Linear and nonlinear adaptation convergence for Q =3

nonlinear channel

Figure 5.5.1 tells us that there existing a big difference if only applying linear

adaptive filter on nonlinear channel instead of applying nonlinear adaptive filter. The

convergence behavior of sufficient order nonlinear adaptive filter has not only the

faster converged rate in the beginning but also a significant difference in final residual
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error power converged value.

In Figure 5.5.2, the order of nonlinear channel is changed toQ =5 ; besides the

linear adaptive filter and sufficient order nonlinear adaptive filter, we add another

nonlinear adaptive filter order Q =3 to simulate the insufficient order nonlinear

adaptive filter and compare the performance.

Learning Curve ( Nonlinear Order Q=5)
0 T T T T T T T
—— Linear Adaptive Filter
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+ Sufficient Order (Q=5) AF

ITTITTELIT]

residual echo power ez(n) (dB)

-35 I ! I I ! ! ik NS RESTV TS
0 20 40 60 80 100 120 140 160 180 200
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Figure 5.5.2 Linear and nonlinear adaptation convergence for Q =5

nonlinear channel

The residual error power behavior of linear adaptive filter maintains at the same
level with that one in Figure 5.5.1. Even the nonlinear order is insufficient; the

Q =3 nonlinear adaptive filter also has better performance than linear adaptive filter
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in this simulation. It is reasonable; the sufficient order nonlinear adaptive filter has the

best performance.

5.5.2 Speech verification

We replace the original WGN far end input signal X(n) with the speech signal
introduced in Section 5.1 and verify the echo cancellation performance in the
nonlinear adaptive filter. The speech signal parameters are:

Sample Rate: 8K Hz, 16 bits / sample

Total Length: 39846 samples (4:981seconds)

For convenient, the ERLE‘measurement is used:in this performance verification.

The definition of ERLE is as :

ERLEéIOIOg% (5.5.1)

According to the definition, it is obvious that the larger ERLE value the better
performance of echo cancellation we have. Nonlinear adaptive filter order is sufficient

(Q =3) and the simulation results are demonstrated in Figure 5.5.3, Figure 5.5.4 and

Figure 5.5.5.
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Nonlinear Adaptive Filter ERLE ( Speech signal )
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Figure 5.5.3 ERLZE of speech input nonlinear adaptive filter
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Figure 5.5.4 Linear coefficient misalignment of speech input

nonlinear AEC
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Misalignment of Nonlinear Coefficient (a) ( Speech Signal )
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Figure 5.5.5 Nonlinear coeffictent misalignment of speech input
nonlinear AEC

The two coefficient misalignment figures show that the nonlinear adaptive filter
worked properly for this speech input signal. We have a not good begging and few
instable behaviors in the ERLE figure but it returns to a better performance in final

signal part.

5.6 Convergence analysis of partial update stereophonic AEC

Partial update stereophonic AEC coefficient error convergence analyzed
equations Eq.(4.2.14) and Eq.(4.2.15) will be verified by simulation in this section.
Without loss of generality, we let A = |, the full coefficient updating is one case of
partial coefficient updating. The simulation configurations are like follows:

SNR: 20 dB
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NLMS Step Size: ux=0.01

Far End Impulse Responses (g, andg_ see also Section 5.1) Numbers: M =128
Near End Impulse Responses (h, andh, see also Section 5.1) Numbers: N =128

Adaptive Filter (ﬁ1 ) Tap Numbers: L =64

In stereophonic AEC, coefficients misalignment could represent the echo

cancellation performance more confidently than residual error power. The simulated
result is demonstrated in square of misalignment (&”(n)) and is shown in Figure 5.6.1.
Without loss of generality, this simulation comparison is presented by one coefficient

error convergence (E1 (n)), the other (Ez (n)) is similar.

h1 coefficient error convergence ( Stereophonic AEC )
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Figure 5.6.1 Coefficient error convergence of stereophonic AEC in different SNR

In Figure 5.6.1, the simulated lines are almost the same in SNR=10 dB and 20

dB. When SNR =10 dB, we have a small inaccuracy (1~1.5 dB) between the
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simulation and theory convergence behaviors. When SNR=20 dB, there is 9-dB
difference between the simulation and theory final converged value. It is not a small
inaccuracy that can be isolated. Although big inaccuracy exists in final coefficient
error converged value for high SNR, but both convergence behavior trend are similar.
It indicates that the major direction of derivation is not wrong, but some assumptions
and simplifications need to be reconsidered for larger SNR condition. We have a

better prediction for low SNR condition.

5.7 Nonlinear loudspeaker-and stereophonic AEC

In this section, we will demonstrate the effect of stereophonic AEC with
nonlinear loudspeaker in two methods: one is presented in comparisons of three
different ‘“channel/adaptive-filter” combinations; the other shows how much the
nonlinearities affect stereophonic AEC in different degrees.

First, three residual error power behaviors of “channel/adaptive-filter” modes
are showed in Figure 5.7.1; “channel” means the simulated channel with or without
nonlinear loudspeaker (NLS and LLS); and “adaptive filter” includes the linear or
nonlinear adaptive filter (i.e., NAF , see also joint update in section 3.5). Here, we try
to integrate stereophonic AEC with the preprocessor scheme mentioned in Chapter 3.
Three “channel/adaptive-filter” modes are NLS/NAF, NLS/Linear Adaptive Filter

(LAF) and without NLS/LAF.
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Learning Curve
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Figure 5.7.1 Residual eiror power of three stereophonic AEC modes

Modes Convergence Value
NLS /'NAF 33 dB
NLS /LAF -33 dB
Without NLS / LAF
-22 dB
(Original SAEC)

Table 5.2 Convergence value of three Modes

The converged value comparison results are shown in Table 5.2.The simulation
results indicate that stereophonic AEC with nonlinear loudspeaker (1. and 2.) have
better residual error power behavior than that without NLS. Although the reprocess

integrated mode has the faster convergence rate than the NLS/LAF mode in first
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10000 iterations, it does not give any obvious difference in final convergence value.

Misalignments of two linear coefficients are shown in Figure 5.7.2 and Figure 5.7.3.

Misalignment of h1
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Figure 5.7.2 Misalignment of echo path
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Misalignment of h2
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Figure 5.7:3 Misalignment.of echo path h,

It also shows that it has better convergence behavior by applying NLS than LLS
in Figure 5.7.2 and 5.7.3.

In order to verify the nonlinear adaptive filter scheme also works well in
stereophonic AEC, nonlinear coefficient misalignments (with two different nonlinear
coefficient sets, i.e., NLS:a, =(1,0.1,0.33) and a, =(1,0.12,0.3) ) are also given in

Figure 5.7.4 and Figure 5.7.5 individually.

74



misalignment squares 2(n)

misalignment squaree 2(n)

-10

-15

)
=]

n
th

-40
0

-10

-15

)
=]

n
th

-40
0

Misalignment of a, { NLS/NAF mode )

1 2 3 4 5 5 7 8 9 10
Number of Iteration : n x 10"
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Figure 5.7.5 Misalignment of nonlinear coefficients a,
in NLS / NAF mode
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For simplicity, the degree of nonlinearity is controlled by the Sigmoid function
parameters (« , £) (the larger (« , ) pair the higher degree of nonlinearity is ) in this

simulation. Sigmoid function (like Figure 5.7.6, fora =1, 2 and 5,  =1) defined as

follow: The larger o the more linearity is.

2

fX)=(————-1p (5.7.1)
1 —exp(—aX)
1 T T T T - T —— _'_[___,— —_— T
0.8 azs —| /[ i
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Figure 5.7.6 Sigmoid function (¢ =1, 2 and 5,8 =1)

Finally, the misalignment convergence of different nonlinear degree is shown as

Figure 5.7.7.
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Figure 5.7.7 Misalignment of echopath im different nonlinear degree

Figure 5.7.7 tells us that the higher nonlinear degree the better misalignment

convergence behavior we can have. But, there is one thing need to note for applying

nonlinearities: nonlinear operation will generate annoying audible distortion to

listener in near end room if the level of nonlinearities is too significant. The trade off

between far end input signal coherence and audio quality is necessary when applying

nonlinearities in stereophonic AEC.
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Chapter 6

Conclusions

We have developed the linear and nonlinear coefficient error convergence
analyses based on condition of perfect estimated coefficients for nonlinear AEC. The
developed convergence analyses ‘are well suited for nonlinear application where the
scheme is a cascade mode in a memeoryless polynomial filter and FIR filter order. We
also have analyzed the joint coefficient error convergence analysis of nonlinear AEC
in a semi-theory method. Although the results keep a small difference away from the
simulated results in transient phase, they meet well in final convergence value of
steady state fortunately. We have shown several adaptation strategies in nonlinear
AEC. According to the result of comparisons between adaptation strategies, we make
a recommendation for nonlinear AEC adaptation: linear coefficients have converged
to some degree, before the nonlinear coefficients adaptation is enabled.

In stereophonic AEC partial update scheme, convergence analysis clarifies the
behavior for correct echo path identification, which is decided not only by the
interaction of two estimated linear filters but also by the transmission room impulse

responses effect. The convergence analysis of stereophonic AEC partial update gives a
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well predict to simulated result in low SNR condition. We also have demonstrated the
nonlinear loudspeaker effect in a stereophonic AEC and applied the nonlinear
adaptive scheme in stereophonic AEC. It shows that the coherence can be reduced by
the nature nonlinearity of loudspeaker and nonlinear adaptive scheme works well in
nonlinear-stereophonic AEC situation.

The future work can be followings: (i) verify the cascaded polynomial nonlinear
AEC scheme in a realistic nonlinear channel, i.e., real loudspeaker, (ii) modify the
joint coefficient error convergence analysis of nonlinear AEC by a pure theory
configuration, (iii) propose more accurate convergence analysis in stereophonic AEC
partial update scheme when the SNR is higher, (iv) modify both schemes (nonlinear

and partial adaptation stereophonic AEC) for real speech signals.
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Appendix A

Approximation of R(n)

In this appendix, we will give the mathematical derivation for finding a simple

form of R;(n) . Let’s start from the definition of R.(n).

R,(M=E| S8 ()| (A1)
| si(n) ]

si(n)

where  s(n)= X (n)a(n) = (A.2)

_§L71(n)_

§ (n) is the nonlinear power input vector, produced by production between power
input matrix X (n) and estimated nonlinear coefficients é(n) . Owing to Eq.(A.1)
and (A.2), correlation matrix of é(n) (i.e.R.(n)) is consists of same elements
product part (diagonal elements) and different elements product part (other elements).
For generality, the same elements product part can be represented as follows.

A2 ~ TN . ~ 5 2
E [si (n)} -E [(alx(n —i) 42X (N—i)+ -+ a0X°(N— |)) } (A.3)
For simplicity consideration, let the nonlinear order O =3 which is the same as

the nonlinear reference channel order. Eq.(A.3) can be rewritten as follows.

80



E F?(n)} =E [(él(n)x(n —i)+a(n)X(n—i)+as(n)x*(n— i))z]
—E [é?(n)} E[x*(n-i)]+E [éi(n)} E[x'(n-i)]+E [éi(n)} E[x'(n-)]
+ E[él(n)ég(n)} E[x'(n-1)]
= af?+(a22 +2a1a3)W+ ax®

+E[é?(n)}7+ E[éi(n)}7+ E[é?(n)}ﬁ (A.4)
where a(n)=a+a(n) and X*2E [X(m)]
Eq.(A.4) can be easily gotten through the assumption X(n) is zero mean and WGN
signal. It also means that the diagonal terms of Rg(n) are the same value given by
Eq.(A.4). Similarly, the different elements product part will have the same value and it

can be written as follows.

E[s,()s;(m = E[(élx(n LiyEanc (s i)E -+ aox°(n— i))

x(alx(n —DFax’(n—J)++aox°(n— j))} i#j (A.5)
Rearranging the Eq.(A.5) bye the assumption of the nonlinear order O =3.

E[s(ms;(n)]= E[(alx(n —i)+an(n—i)+ §3x3(n—i))
x(élx(n -+ 5zx2(n -+ §3x3(n - j))}
_E [ai} E[x*(n-)]E[x*(n- J)]
—_\2 ~ —\\2
=a(X7) +E[a§(n)}(xz) (A.6)
Eq.(A.6) is also the result of zero mean and WGN X(n) assumption. Comparing
diagonal terms in R.(n) ( Eq.(A.4)) with non-diagonal terms in R;(n) (Eq.(A.6)),

non-diagonal terms could be ignored under the conditions of a, <<a, and

_ 2 N
(X 4) > (X 2) . Ignoring the correlation matrix ofs(n), R.(n) can be written as
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follows.

) 0 0 0
0 s 0 0
RM~El o 0o s 0
0 0 0 S|
_E Q?(n)}-l 0<i<L-1
o, (A7)

Eq.(A.7) is the simplified result of = correlation matrix R (n). In section 3.2, the

nonlinear coefficients is assumed to be perfect (i.e. é(n) =aand é(n) =0). We can
get the special case of Eq.(A.7) in séction 3.2 as follows.

R(M=E[s(m]-1, zot=l; (A.8)

where E[s*(n)]=c?=a?X?+ (a2 +2aa )X  ra>x" (A.9)
i 1 2 173 3

S
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Appendix B

Approximated Values of E|Jum];|and | Jum]; |

Let’s start from the definition ofu(n).

u, (n)

u,(n)

u(n = X" (nh= (B.1)

0o 0)
and the 2-norm of u(n) can be¢ written as
E[Juml; |- E [HX " (n)n”j = E[ U0+ uZ(m+-+u3(n) ] (B.2)

and

E[uX(n)]= E[(hox(n)+hlx(n—1)+---+ h_ x(n— L+1))2]
= E[x*(m] (B.3)

In Eq.(B.3) the cross product terms have been eliminated through the Xx(n)’s
assumptions of zero mean and WGN. Similarly, we can derivate the other terms like

follows (O is set to be 3 which is equal to the reference channel nonlinear order.):
E[u(n)]= E[(hoxz(n)+ hx2(n—1)+---+h_x*(n— L+1))2}

=|h|; E[x4(n)]+§§ hhE>[x*(n) ] (B.4)

i=0 ji

83



and
E[wm]-= E[(h0x3(n)+h1x3(n—1)+-~-+hL1x3(n— L+1))2}
= E[x(m ] (B.5)

Substituting Eq.(B.3), Eq.(B.4) and Eq.(B.5) into Eq.(B.2) with the knowledge of

O=3, we have:

5 - , L 2
E[Juml} = (X7 X+ X7 )+ X > hhy (X°) (B.6)
i=0 j=i
where X*2E [xk (n)]
The summation of different linear coefficients cross product, ii h.h ; » would
i=0 j=i

be close to zero since the echo response has the exponential decayed characteristic.
We can approximate the expected valueof 2-norm linear power input vector like this:
[ Jum; = (X + X + XE)fnl; (B.7)

Now, take advantage of x(n) ’s zero;mean and WGN properties and the results

mentioned above, we can find the approximate value of E [”g(n)”i} . Be definition:

E|Ju; |
—E| (W m+uim+uim) |

= E[ U (m U3 (n)+us () +2(u7 (mu? (n) + U (mu3 (m) + u3 (Muz () | (B.8)

According to Eq.(B.8), we only need to calculate the six value individually.

E[u'(n)]= (355 h' +3LZiLZihfhj2Jo-j (B.9)

i=0 j=i
L-1 L-1 L-1 L-1 L-1 L-1 L—1
E[u;‘(n)]{los; hi4+60;;hfhj +27§;hfhf +36(1i:0[hi)(j§ h)|of (B.10)
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E[ui(n)]= (103952h4+675§§h, hjj (B.11)

i=0 j=i

E[uf(mu;(m)]= {ISZW‘”LZZ_h +6iihh+2{blh,—][u hiﬂof(B-lz)

i=0 j=i i=0 j=i j=0 =0

E[u(mui(n) |= (1052 h +33LZiLZih ] (B.13)

i=0 j=i

E[u(mui(n) = {9452 h' +210§§ h'h +45§L2h h? +30( S hj]( B h Hgio (B.14)

i=0 j#i i=0 j=i j=0 i=0

Substituting Eq.(B.9)~ Eq.(B.14) into Eq.(B8) and rearranging it, we have:
L-1
E [”g(n)”ﬂ = (30} +1050 + 2100} +9450)" +103950) )[Z h{‘j
i=0

L-1 L-1
+(307 +30% + 61205 +450)" + 6750;2)[22hfh§j

i=0 ji

+ (60 + 600" +2100'1°)(L 1LihchJ

(Llh,J (B.15)

Similarly, the third and fourth term close to zero, and through this E [”u(n)”i}

1
(=

j#=
-1
+(36084 20, #300, [ h,j

i
(=

can be approximated by follows:

i
i=0

E [||g(n)||‘2‘ } ~ (30, +1050¢ + 2100} +9450)" +103950) )[i h“j

L-1 L-1

+(30; +30) +6120; +450," + 6750;2)( h’h? ] (B.10)

i
i=0 j=i
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Appendix C

Gaussian Assumption

In this appendix, we are trying to give a detail description on Gaussian assumption.

B = E[x(mx" (MAX(n)X" ()] (C.1)
where A represents the symmetric matrix v(n)v' (n).
The Gaussian assumption: If z,,25,7;,2,_are real zero-mean, Gaussian random
variables then

Elz,z,2,2,1= E[z,2,]E[Z;2,] + E[2,2,]E[Z,2,]+ E[2,Z,]E[Z,Z,] (C.2)
Using subscripts to denote the components of the vectors Xx(n) and Vv(n), where the

dependency upon (n) is momentarily suppressed, we compute the kl th term in

Eq.(C.1):
L-1 L1 L-1 L-1

by = E(XX2,%,%) = 2 > E[a, ITE(XX,)E(X,X)
p=0 q=0 p=0 q=0

+E(X X )EX %)+ E(X X )E(X,X,)]

L-1
= E[ay Joy +E[ay Jo; +S[k—11>_E(a,,)o;y (C.3)
p=0
where o} = E[x;]. Note that x, and a, are assumed to be independent, and

E(X,x,) iszerofor p=q since X(n) is WGN. We can obtain the matrix form of
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Eq.(C.3):
B=0/[2R,(n)+trace(R,(n))-1] (C.4)
According to Eq.(C.4) we can get that:

E {g(n)gT (n)L(n)j: (Ms(ms’ (n)} =0, {ZR; (n) +tr[R¥ (n)j- I } (C.5)

- _T
where f l(n) f | (n) is symmetric matrix.

s(n) and L(n) are independent ,s(n) is WGN signal.

- _T
By the other way, L(n)i2 (n) is not symmetric matrix:

E {§(n>§ ™ M, msms (n)} = {R C(m+R (n)+tr(Ru ,, (n)j- | } (C.6)

LR 5L LR
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