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ABSTRACT

This paper addresses the problem of detection and discrim-

ination of the two phenomena double talk and echo path
change in a telephone channel. It is of uttermost importance
to quickly detect a change in the echo path while not confus-
ing it with double talk, since the echo canceller should react
differently whether an echo path change or double talk has
occurred. In this paper, novel algorithms of low complexity
are proposed. The system is described with a Markov mod-
ulated finite impulse response (FIR) filter. Depending on
whether double talk or an echo path change occurs different
parameters in the channel model change abruptly. Based
on model assumptions, maximum likelihood (ML) parame-
ter estimates of the communication channel are obtained via
recursive (off-line) or iterative (on-line) methods using the
expectation maximization (EM) algorithm. This enables
us to use a Hidden Markov Model (HMM) state estima-
tor to yield the minimum probability of error in identifying
the state of the communication channel, i. e. the possible
presence of double talk and/or echo path change. The pro-
posed algorithms are experimentally verified using a real
speech signal and impulse responses created from measured
impulse responses from real hybrids.

1. INTRODUCTION

The objective of this paper is to propose a new method for
detection and discrimination of double talk and changes in
the echo path. This problem has previously been studied in
[2] where a likelihood based detection scheme is suggested
which compares a global channel model with a local one,
both estimated with the Recursive Least Squares (RLS) al-
gorithm.

Commonly utilized methods for reducing echo in the tele-
phone network are echo cancellers. The idea of the echo
canceller is to use a finite impulse response (FIR) filter to
approximate the transfer function of the echo path and let
the filter coefficients be adjusted based on the calculated
prediction error [1]. This simple solution to the problem of
echo control is unfortunately not applicable due to the ex-
istence of double talk, that is, both subscribers talk simul-
taneously. This phenomenon also gives rise to an abrupt
increase of the prediction error. One must avoid making
large corrections during double talk of the echo path in a
doomed-to—failure attempt to cancel the echo. Thus, the
adaptation rate should be decreased during double talk.

The conclusions to be made are that merely measuring
the prediction error will not discriminate between double
talk and echo path changes and that the echo canceller must
react differently whether double talk or a change in the
echo path has occurred. Furthermore, the detection and
discrimination algorithm must be fast in order to prevent
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the FIR filter in the echo canceller from being misadjusted.

The key contribution of this paper is to use a Markov
modulated FIR filter to describe the system. The theory of
Markov modulated FIR filters is not new, see [3], but the
application of the theory to this problem is genuinely new.
By stating hypotheses corresponding to the different phe-
nomena and by using the Expectation Maximization (EM)
algorithm, an off-line detection scheme is formulated. Fur-
thermore, an on-line algorithm is suggested. The on-line
detection scheme is experimentally verified using real data.

This paper is organized as follows. In Section 2 the prob-
lem is stated. Furthermore, the model and the notation
used in the following sections are introduced and assump-
tions are made. Section 3 the proposed algorithms are de-
rived. Next, in Section 4 some experimental results are
presented when real data is used. Finally, Section 5 gives
some concluding remarks.

2. PROBLEM DESCRIPTION

2.1. Signal Model

The system is described with a Markov modulated finite
impulse response (FIR) filter. The output of the filter is
given by
Yr = co(Sk)uk + .. + Cn—1(8k)Uk—n+1 + /d(rr)ve, (1)
k=1,2,...

where {v;} is a zero mean white Gaussian process with vari-
ance 1, {uy} is the known input signal, {s;} and {r.} are
two independent N—state, discrete time, homogeneous first
order Markov processes and finally ¢;(i), i =1,...,N, j =
1,...n—1and d(i), s =1,..., N are constants. The transi-

tion probability matrix of {s;} is denoted by A®) = (al(;)),
where al(;) = Pr(sr+1 = j|sk = i). Furthermore, agj-’) >0
and ij':l al(;) =1 for each ¢. Similar notation and condi-
tions hold for {ry}.

To facilitate the reading the following notations are
used C(i) = (co(i),c1(),...,cn=1(¢)) for + = 1,...,N,
Yr = (y1,¥2, ... yr) denotes the measurement sequence and
0 = (C(i),d(i),A(s),Am;i =1,.. .,N) denotes the model
parameter vector. Finally, let 6y denote the true model
parameters.

Remark: A more accurate and realistic model for describ-
ing the communication channel (instead of Eq. (1)) is the

following .

Yk = Z Cm (Sk—m)Uk—m + \/d(rr)ve (2)

m=0

Eq. (1) is used instead of (2) for the following reasons: 1)
Computationally less expensive when computing estimates
of the channel state. 2) If it is not crucial to detect the
possible abrupt change within a channel length, n.



2.2. Statement of Hypotheses
The state s; (or ry) at time k is an element of the set
Q@ = {1,2}. si denotes the current state of the echo path,
while r; denotes the presence or non—existence of double
talk.
Consider the system (1) at time k under the following

different hypotheses concerning the states s, and rg.

Hy: sp=1 and rp,=1

Hi: sp=1 and rpy=2

Hy: spy=2 and rpy=1

H3: s,=2 and rp=2
The situation H; occurs when double talk (DT) but no
echo path change (EPC) appears at time k, the situation
Hj when an EPC but no DT happens at time &, hypothesis
H3 when both an EPC and DT appear at time k and finally
the null hypothesis when neither EPC nor DT has occurred
at time k.

To sum up, an EPC causes abrupt changes in the param-

eters c; while DT gives rise to an abrupt change in the noise
variance d. Similar hypotheses were used in [2].

2.3. Objectives

The objective of this paper is to suggest two different de-
tection schemes, one off-line and one on-line. These are
briefly described below.

o Off-line channel identification and change detection
Given all the data yi,...,yr, it is desired to perform
the following two steps:

1. Parameter Estimation: Compute the maximum
likelihood (ML) parameter estimate of the model

oML 2 arg max f(Yr|6) (3)

where f(-) is the probability density function.

2. Detection (State Estimation): Decide which hy-
pothesis holds, i. e. the possible presence of double
talk and/or change in the echo path with a mini-
mum probability of error based on the best (ML)
estimate of the channel. In the Bayesian framework
this is achieved by

S, = argmaxf(s;c | YT,QML) (4)
Sk

fr = arg maxf(rk | YT,GML) (5)
Tk

e On-line channel identification and change detection
Given the observations yi,...,y up to time [, it is
desired to perform the following two steps:

1. Parameter Estimation: Compute the maximum
likelihood (ML) parameter estimate of the model

6 2 arg max f(11[6) (6)

where %) is the ML parameter estimate based on
the first [ data points.

2. Detection (State Estimation): Decide which hy-
pothesis holds, ¢. e. the possible presence of double
talk and/or change in the echo path, by computing

s = argmaxf(sl | Yl,é(l_l)) (7)
St

Fo= argmaxf(rl | Yz,ﬁ(l_l)) (8)
Ly

Remark: A theoretical analysis of the effects of initial
estimates is beyond the scope of this paper. Furthermore,
the question relating to identifiability is very difficult and
not studied in this paper.

3. ANALYSIS

The expectation maximization (EM) algorithm suggested

in [6] is used to obtain %, Also, as a by-product of the
E—step, the maximum a posteriori (MAP) estimates of the
states s and ri are obtained.

It is shown in [7] that under mild regularity conditions,

the sequence {0(’)} of the EM algorithm converges to a
stationary value of the likelihood function.
EM algorithm:

0. Determine the initial estimate 6.
1. (E-step) Evaluate

Q(6,6") 2 E{In f(¥r, Sr,Rr | Ur,0)|Ur, Yr,6}
9)

2. (M-step) Compute
o+ = arg max Q (6,6") (10)
3. 1:=1+ 1. Iterate steps 1-3 until ||§¢+D

where ¢ is some specified constant.

3.1. Off-line Algorithm

First, the [:th iteration of the E-step in the above mentioned
EM algorithm is performed. For notational convenience we
drop the dependence of the equations on [ and Ur.

T

= Zln Fyklsk, ) +1n f(r1) +1n f(s1)

k=1

_ g(l)” < e,

In f(YT, Sr, RT)

+ ) o f(sklse—1) +1In f(rifri—1)] (11)
k=2

The input signals, u—_p, ..., up are assumed to be known.
Taking the expected value of (11) and making the approx-
imation that the first n — 1 terms can be ignored (n < T),

results in
(6,60) Z Z ln( (s)) 49, )

k=ni,j=1

T 2
. r T—-—n+1
+3 3 1n(a§].)) (0,4) =~ n(2)

k=ni,j=1

1 T 2 T 2
= D) NN B
k=n i=1 k=n i=1
2
y z ( 5. muk_m) OG0
m=0
(12)
where A
1 (@) 2P (s = iYr,0"), i € {1,2} (13)
and
%(f)( ) 2P (se=j,ser = i|Yr,00), i,j € {1,2} (14)

Similar notations hold for the Markov chain r.
Maximizing (12) with respect to 6, . e. performing the

M-step gives

I. Update of the transition probability matriz, A.

T ® /. -
a® = 2= n+1'71cpl(z 7)

" TP ()

(15)



I1. Update of the noise variance, d.

PPN Dl (7D D cmmuk ) 7 G )
PO C

di =

(16)
forp=mr,s, i,j € {1,2}.
II1. Update of the coefficients, C(j).
The elements ¢, (j) of C(5), m =0,...
are given by

,TL—l, j€{1,2}

S G G
k=n i=1
n—1
= Z Zd‘ > el ue-m ) G )t
k=n i=1 m=0
(17)
form'=0,...,n—1, j =1,2.
Finally, the forward probabilities for k = n, ..., T, are given
by
. A . .
ak(]Tn]S) = (Yk')sk' =JsTk :]7‘|0)
2
Z Z yk’|sk' _.787 k _.]7‘) 5:35 E:grak—l(ir,is)
is=1ip=1
(18)
.. 1
am(]r,]s)zz, form=1,...,n—1 (19)

and the backwards probabilities by
o A . .
Bi(ir,is) = f (Yigalse = s, 76 =i, Vi)

2 2
Z Z Brt1(Gry s ) f (Ye41|8k4+1 = Js, Pht1 = jir)

Js=1jr=1

X a0, (20)
for iy, s, jr, js € {1,2}. Initialisation of the backward prob-
abilities are Bri1(ir,ts) =1, 4,15 € {1,2}.

Using the relations above, the following results are
achieved

(r,s)

7" (i, i) = a (ir, is) Bk (ir, is) o)

P 2 R .
ZiSZI Zirzl ax(ir, is) Bk (ir, is)

is) Z 'y(r ) (ir,1s) (22)

ip=1

and

for i,,is € {1,2}.
IV. Channel state estimation.

The minimum probability of error estimate of the state
of the channel is achieved by

AP —  argmaxf (sk | YT,HU))
Sk

FAAP arg max f (rk | YT,Q(”)
Tk
(23)

The memory and computational requirements of the off—
line algorithm are shown Table 1.

I [[  Offline per pass ]| On-line I
Memory Comp. Memory | Comp.
Th 22T O(2°T) 22 0(2?)
A 2 x 22 O(2°T) 2 x 22 0(2?)
C 2n O(n3T) 2n O(n)
d 2 O(nT) 2 O(n)

Table 1. Memory and computational requirements of the
algorithms.

3.2. On-line Stochastic Gradient Algorithm

The on-line stochastic gradient algorithm studied in [4] is
applied on the posed problem. That is, the parameters are
updated according to )

p(k) — k- 1>+#K(k)1,c (24)

where
Ii=plio1+S (0% k), L =S (6% k), Io =0
(25)
where K (k) = 1/k™ and the incremental score vector is
defined by

S (6% k)
aE{lnf(yk,Sk,7‘k|Yk,17 Skil,Rkilye(k—l)}
00

e

0=0(k_1)
(26)

I. Update of the transition probabilities, A.

Details on the recursive update of transition probabilities
based on a differential geometric approach is found in [5].
Due to space limitation we omit details.

II. Update of the noise variance, d.

The element of the incremental score vector correspond-

ing to d(ry =ir), i € {1 2}, is given by

n—1 2
d_2(rk =i, k—1) Z (yk — Zcz(sk =5,k — 1)ut1>

is=1 =0
Doy (ir),  (27)

where d(i,, k—1) is the estimate at time k—1 and am( r) =
P(Yk, Ty = i,«).
II1. Update of the coefficients, C(j).

The element of the incremental score vector correspond-
ing to c(sk = is), s € {1,2}, is given by

xau(ipyis) —d™ " (rg = in, k —

1)ug—

22: Ye — Z?z_ol ci(sy =is, b —

d(ri = ir, k — 1) Uk —n 0tk (ir, 1s). (28)

in=1

In Table 1 the memory and computational requirements
of the on-line algorithm are outlined.

4. EXPERIMENTAL RESULTS

In this section the on-line method which has been proposed
in this paper for detection and discrimination of double talk
and echo path changes is evaluated by simulations using a
real speech signal of length 4000 samples as input signal.
It is depicted in Fig. 1. The sampling frequency is 8000
Hz. To generate the different hypotheses, the input signal
is segmented. A change in the echo path is simulated by
filtering the segments through different impulse responses.
The impulse responses used are shown in Fig. 1. They are
constructed from measured impulse responses from real hy-
brids using the most active part of the measured impulse



response. Motivation for this approach can be found in [8].
Double talk is simulated by filtering the segments through
the same impulse response and then adding speech to one
of the segments. The parameters used in the simulations
are given in Table 2. The transition probabilities and the
noise levels are not estimated and are assumed to be known
a priori.

In Fig. 2 the root mean square estimation errors of the
channel coefficients for the on-line scheme are shown. Fig. 3
depicts the true and estimated state of the communication
channel, i. e. the possible presence of double talk and/or
echo path change. As can be seen from these figures the
on-line method succeeds in detecting the phenomenon dou-
ble talk. The echo path change that occurs simultaneously
as double talk is not detected. This is not disastrous since
double talk is the phenomenon that is most crucial to alarm
for, since the adaptation of the echo canceller should then
be stopped. Though, all other echo path changes are suc-
cessfully detected. The abrupt change in the error while
estimating the coefficients of the first channel at approxi-
mately sample time k£ = 1000 is due to two main reasons: 1)
A short delay in detecting the echo path change. 2) Using
a zero forgetting factor (p = 0). Thus, increasing the for-
getting factor and/or using more data points, the algorithm
will slowly adapt to the true parameters.

For the examples described above, the on-line detection
and discrimination algorithm suggested in this paper seems
reliable. Furthermore, it has been observed, in simulations
studies not presented here, that the proposed on-line algo-
rithm performs extremely well for known statistics.

T" = 4000
n = 50
d(1) = 0.1,d(2) = 5000

Number of samples
Number of taps
Values of d (known)

Transition probabilities of s

al?) =0.999,al;) = 0.997,

al?) =0.001,al} = 0.003

Transition probabilities of r

Table 2. Parameters used in the simulations.
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Figure 1. Input signal and impulse responses.

5. CONCLUSIONS

In this paper two algorithms for detection and discrimi-
nation of double talk and changes in the echo path were
proposed. Their complexities were shown to be of order
O(n), where n denotes the channel length. The communi-
cation channel was modelled with a Markov modulated FIR
filter. Therefore, abrupt changes in the channel character-
istics could be effectively included. Using the expectation
maximization algorithm, the maximum likelihood estimates
of the channel parameters were determined. By identifying
hypotheses corresponding to the two phenomena, two algo-
rithms could be formulated; one on-line and one off-line.

o 500 1000 1500 2000 2500 3000 3500 4000
samples

Figure 2. Root mean square estimation error of the
channel coefficients for the on-line scheme.
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Figure 3. True and estimated state of the commu-
nication channel.

Simulations showed that the performance of the on-line al-
gorithm was satisfying when real speech was used as input
signal and impulse responses created from measured im-
pulse responses from real hybrids. Due to space limitations,
simulations using the off-line scheme had to be omitted.
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