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Abstract. This paper considers the problem of speech enhancement and noise
reduction in speech recognition systems and 5G mobile communication sys-
tems. The presence of these systems in a noisy environment reduces their
effectiveness and makes degradation in their performance. here, we propose a
new contribution to resolve noise reduction and speech enhancement problem in
these systems by proposing a new algorithm. The proposed two microphones
reduce size simplified fast transversal filter (TM-RSMFTF) algorithm is an
outcome of the good combination between the well-known forward blind source
separation structure and the adaptive algorithm reduce size simplified fast
transversal filter properties which is a stable version of fast transversal filter
(FTF) algorithms. The proposed algorithm has low computational complexity.
The simulation results show a good performances and effectiveness of this new
TM-RSMFTF algorithm in comparison with conventional TM-NLMS algorithm
and almost similar performances with full-size TM-SFTF in terms of various
objectives criteria such as Segmental SNR, System Mismatch, Segmental MSE.
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1 Introduction

Nowadays, many applications such as 4G and 5G telecommunication systems, speech
recognition systems, VoIP and teleconferencing systems, insist the presence of speech
enhancement and acoustic noise reduction methods because these applications are
designed for the quiet environment but in real life, the presence of different noise
sources corrupt the speech signal causing degradation in the performances of these
systems.

In the last decades, a lot of algorithms and techniques have been developed in the
literature for speech enhancement with the first goal of raising speech quality such as
spectral subtraction techniques [1], Wiener filter [2], minimum mean-square error
estimator [3, 4]. We found also the most powerful speech enhancement techniques
which are based on the adaptive filter [S]. The coefficients of the adaptive filter can be
adjusted automatically by using various adaptive algorithms.
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Several adaptive algorithms have been proposed, the most popular one is nor-
malized least mean square (NLMS) [5], and it is characterized by low computational
complexity and low convergence speed. Another popular algorithms are recursive least
square (RLS) algorithms [5], the main drawback of these algorithms is high compu-
tation complexity.

Many fast recursive least mean square algorithms have been proposed to resolve the
high computational complexity problem such as the fast Kalman [6], fast transversal
filter (FTF) [7], and the main drawback of these algorithms is the numerical instability.
In the literature, several solutions have been proposed to solve this problem [8, 9].

To solve acoustic noise reduction and speech enhancement problem, a stable
version of FTF algorithm, i.e., the simplified FTF algorithm (SMFTF) was proposed in
[10]. In this algorithm, the adaptation gain is evaluated by using only the forward
prediction variables and discarding the backward prediction and also by adding reg-
ularization constant and leakage factor. In the same work, reduce size simplified FTF
(R-SMFTF) algorithm was proposed by reducing the size of forward predictor and
calculating two likelihood variables, the first one was used to update the transversal
filter and the forward predictor order P and the second one was used to update the
forward prediction error variance, and this algorithm shows numerical stability and
similar performance with FRLS algorithms with low computational complexity
(2L + 5P) where L is the length of the adaptive filter, and P is the size of forward
predictor.

To reduce more computational complexity for SMFTF and R-SMFTF algorithms,
the author in [11] proposed new algorithms similar to SMFTF and R-SMFTF with new
relations to calculate the likelihood variables which reduce the computational com-
plexity of simplified FTF algorithm to 6L and 2L + 4P for reduce size simplified FTF
algorithm, respecively.

To reduce noise and enhance speech, several algorithms based on the combination
of forward blind source separation structure and various adaptive algorithms have been
proposed [12, 13]. In this work, we propose a new two-microphones reduce size
simplified fast transversal filter (TM-RSMFTF) algorithm for speech enhancement and
noise reduction application. This proposed algorithm obtained by the good combination
between the reduce size simplified FTF algorithm and the forward blind sources sep-
aration (FBSS) structure.

The low computational complexity and the good performances shown in the
simulation results of this new algorithm makes it a good choice for implementation in
the 4G and 5G mobile communication and speech recognition systems.

This work is organized as follows. Section 2 presents the simplified model of a
convolutive mixture that we used. In Sect. 3, FBSS is described. Section 4 discusses
the proposed algorithm and in Sect. 5, we highlight the computational complexity. In
Sect. 6, we present simulation results and comparative study of the proposed algorithm
with two-microphone algorithms. Finally, we present the conclusion in Sect. 7.
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2 The Simplified Model of a Convolutive Mixture

In our work, we consider the situation of two microphones and two uncorrelated signals
which are speech signal s(n) and noise signal b(n), we consider that the speech signal is
captured by two sensors, and the useful signal is near to the first sensor and the unwanted
signal is near to the other sensor, this mixing model [14-17] is shown in Fig. 1.

s(n)

b(n)

Fig. 1. The mixture model with two microphones

The two convolutive observations we obtained at the output of this mixing model
are given by the following equations:

my(n) = s(n) * hyy(n) + hay (n) * b(n), (1)
my(n) = b(n) * hy(n) + hiz(n) * s(n), (2)

where, s(n) is the source of speech and b(n) is the source of noise, iy (n) and hy;(n)
represent the impulse responses of each direct channel respectively and they assumed
to be identity (11 (n) = hx(n) = 6(n)), ha1(n) and hya(n) represent the cross-coupling
effects between the 2 channels. The symbol * represents the convolution operation.

3 The Forward Blind Sources Separation (FBSS) Structure

The widely known forward blind source is effectively combined with many different
algorithms to reduce noise and enhance the performance of speech. The forward BSS
structure is shown in Fig. 2, and the aim of two channels forward BSS is to restore s(n)
and b(n) only from the two convolutive observations [16]. For identification of the two
real impulse response h12(n) and hy(n), we use the two adaptive filters of the two
channel forward BSS structure.
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u;(n)

uy(n)

Fig. 2. The forward blind sources separation (FBSS) structure
The two outputs of this structure are given by:
ui(n) = my(n) —my(n) * way (n), (3)
up(n) = my(n) —my(n) x wip(n), 4)

where, () represents the convolution operation. By inserting (1) and (2) into (3) and
(4), we can obtain the two outputs equations u; (n) and uy(n) as follows:

ui(n) = b(n) * [ha1 (n) — wai (n)] +s(n) * [0(n) — hia(n) * wa (n)], (5)
uy(n) = s(n) * [h2(n) — wia(n)] +b(n) * [0(n) — ha1 (n) * wiz(n)]. (6)

If we use an optimal assumption for the two adaptive filters (/) (n) = wy;(n)) and
(h12(n) = wi2(n)), in this situation the two outputs become:

uy(n) = s(n)  [0(n) — hia(n) = war (n)), ()
ur(n) = b(n) = [0(n) — a1 (n) * wiz(n)]. (8)
where, ¢, (1) and ¢,(n) are post filters which are given respectively by:
@1(n) = d(n) — hia(n) x wai (n), 9)
Pa(n) = 6(n) — har(n) * wiz(n). (10)

From (7) and (8), the post filter distorts the output signal, and if the two sensors are
closely spaced, the effect of this post filter is critical [18]. To escape the effect of this
post filter, we take the situation where two sensors are loosely spaced which has a
minimal distortion because of this post filter [13].



190 Z. Guernaz and X. Wu

4 Proposed Algorithm

In this work, we propose a new approach for speech enhancement and noise reduction
by combining the FBSS structure with reduce size simplified FTF algorithm. The R-
SMFTF is a stable version of the FTF algorithms, and has been proposed in [10] and
[11]. The combination of FBSS structure with reduce size simplified FTF affords to
restore two source signals from two mixtures observations. The scheme of the proposed
TM-RSMFTF algorithm is shown in Fig. 3.

my(n) uy(n)

m,(n) uy (n)

Fig. 3. The proposed TM-RSMFTF algorithm scheme

The two outputs of the TM-RSMFTF algorithm u; (n) and u,(n) are given as:
i (n) = my(n) —way (n)Ma(n), (11)
ur(n) = ma(n) — wiy(n)My(n). (12)
where, M;j(n) =[mi(n),m(n—1),...mn—L+1)] and M,(n)=[m(n),
my(n—1),...,my(n —L+1)] are two vectors represent respectively the 2 mixture
inputs m; (n) and m,(n). The updated equations of the two cross filters tap-weights wy;

and wy, are controlled by the TM-RSMFTF algorithm and they are given as follows,
respectively:

w21(n) = w21(n — 1) +K1(n)u1(n), (13)

w12(n) = w12(n — 1) +K2(n)u2(n) (14)
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The two vectors Ky (n) and K, (n) represent the adaptation gain which are given by:
Ki(n) = 71 .(0)K1(n), (15)

K(n) = 71 (0)K2(n). (16)

where, the variables y, ;(n) and 9, ; (n) which represent the first likelihood variables are

used to update the two cross filters tap-weights that will give bellow and I/(; (n), I/(; (n)
are normalized Kalman gain vectors. From [11, 19], the normalized Kalman gain
vectors can be calculated by using only the forward predictor a(n), and they are given
by:

1

Vc(?((nn))] B |:I/<\1(V?—l):|+(’01(n) Jar | (17)
| OL—p |
{Ic?zz((:))] N [I?Z(no 1)] +@2(n) 02112: (18)

where, ¢ (n) and ¢, (n) are the last unused components of the normalized Kalman gain
vectors, and the variables ¢, (n) and ¢@,(n) are given respectively by:

o1(n) = % (19)
o2(n) = % (20)

where, 0 > 1 > 1 is forgetting factor and ¢, is small regularization constant use to
avoid performing numerical divisions by very small values in the absence of the input
signal (silence period). The parameters o; and «, are the forward prediction errors
variance, and they are given by:

a1(n) = Jo (n — 1)+, pei(n), (21)
a(n) = Aua(n — 1) + 7, pe3(n). (22)

where, 7, p and y, p are second likelihood variables that will also give bellow, and they
are used to update the forward prediction errors variance. The prediction error e;(n)
and e;(n) can be be calculated by using the same algorithm and are given by:

e1(n) = my(n) — a1 p(n)Map(n — 1), (23)
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ex(n) = my(n) —azp(n)Myp(n —1). (24)

where, My p(n) and M, p(n) are two vectors that represent the P last simples of the two
mixture signals my(n) and my(n), respectively. a; p(n) and a, p(n) are the forward
predictors of order P that are calculated by minimizing the criteria E[ef(n)] and

E[e%(n)],
arp(n) = n(agp(n —1) =, L(W)K1p(n — e (n), (25)
arp(n) = n(azp(n — 1) — 75, (n)Kap(n — 1)es(n). (26)

Where K p(n) and K, p(n) are the first P elements of K1 (n) and K5 (n) respectively,
and the constant #, which is close to one, is called the leakage factor that allows the
forward predictors to return back to zero [10].By saving ¢, (n), ¢,(n),e1(n) and e;(n)
in vectors of length (L + 1), we can obtain: ¢;(n)=I[p,(n),e(n—-1),...
0100 = DI, @2(m) = [02(n), 0ol — 1), 030 — L), Ex(n) = [er (), e1(n — 1),
.ei(n—1L)" and Ey(n) = [es(n),e2(n —1),...,e2(n — L)]".

The first likelihood variables y, ; (1) and 7, , (n) of the Egs. (15), (16), (25) and (26)
are given by [11]:

1
Pio(n) = =V ateach period of N simples wedo: y, ;(n) =ny;.(n), (27)

1
P2.(n) = = ateach period of N simples wedo: y;,(n) =ny,,(n). (28)

where, s, (n) and \,(n) are given by:
Vi(n) =i (n = 1) = ¢y (n)er(n) + ¢y (n = L)es(n — L), (29)
Vp(n) = Vnp(n—1) — @a(n)ea(n) + @a(n — L)er(n — L). (30)

where, ¢,(n) and ¢,(n — L) are the first and (L+ 1)" components of vector ¢;(n),
respectively. The elements ¢;(12) and e;(n — L) are the first and (L + 1)" components of
vector E;(n), respectively i € {1,2}.

The second likelihood variables y, p(n) and y, p(n) of the Eqgs. (21) and (22) are
given by [11]: '

1
yp(n) = =) ateach period of N simples we do: 7, p(n) =1y, p(n), (31)
: —,(n : .
1 . .
72.p(n) = ————, ateach period of N simples we do: 7, p(n) =1 yp(n). (32)

1 — dy(n)
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Where ¢,(n) and ¢,(n) are given by:
$i(n) = d1(n—1) — ¢ (n)ei(n) + ¢, (n — L+ Pley(n — L+ P), (33)
$2(n) = ¢2(n — 1) = @y (n)ex(n) + @y(n — L+ P)ez(n — L+ P). (34)

Where ¢;(n — L+ P) and ¢;(n — L+ P) are the (L — P)™ components of vectors ¢;(n)
and E;(n), respectively.i € {1,2}. We recall here that the forgetting factor A is cal-
culating by [10]:

1+\/1+(P+2)(n—‘2—1)

> .
P12 >)>1 (35)

5 Computational Complexity

In this Section, we quantify the computational complexity of the proposed TM-
RSMFTF algorithm in comparison with TM-SFTF algorithm and TM-FNLMS algo-
rithm. To highlight the computational complexity of each algorithm, we have calcu-
lated the number of multiplications and additions per iteration. We have reported in
Table 1 the computational complexity of the proposed TM-RSMFTF algorithm for
various size predictor (P = 1, 40 and 100), TM-SFTF algorithm, TM-FNLMS algo-
rithm. The length of the real adaptive filter is L = 128 and 512.

Table 1. Computational complexity of the proposed algorithm, TM-SFTF, and TM-FNLMS
algorithm.

Algorithms Computational complexity L=128 |L=1512
Multiplications per Additions per
iteration iteration
TM- P=1 6L + 6P + 22 6L + 4P + 18 1586 6194
RSMFTF P =40 1976 6584
P =100 2576 7184
TM-SFTF 121 + 18 10L + 14 2848 11296
TM-FNLMS 6L + 4 6L + 4 1544 6152

From Table 1, we can observe that the proposed algorithm is less complex than the
full-size version (TM-SFTF) by about 4L — 4P additions and 6L — 6P multiplications
and is more complex than the TM-FNLMS algorithm by about 4P additions and
6P multiplications and it has the same computational complexity of the TM-FNLMS
algorithm if P = 1 and lower than the TM-SFTF algorithm for any size P < L.
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6 Simulation Results

In this Section, we present the simulation results of the proposed algorithm described
previously, many experiments were performed to evaluate the performance and to show
the behavior of the proposed algorithm TM-RSMFTF in comparison with the TM-
FNLMS and TM-SFTF algorithm. To evaluate the performance of the proposed
algorithm, the following objective criteria are used: Time evolution of the output
speech signal u;(n) with original speech signal, the system mismatch (SM) and seg-
mental mean square error (SegMSE) to evaluate convergence speed and we also used
the segmental signal to noise ratio (segSNR) to evaluate the noise reduction perfor-
mance and Cepstral distance (CD) to evaluate the distortion caused by these techniques
in the output speech signal.

6.1 Description of the Used Signals and the Experimental

In this sub-Section, the speech signal that we have used is selected from AURORA
database and given in Fig. 4, and the sources noise is stationary noise USASI (United
States of America Standard Institute now ANSI) which is correlated signal noise. All
these signals are sampled at sampling frequency Fy = 8 kHz and coded on 16 bits and
given in Fig. 4. For the spaced microphones configuration, we have constructed the
impulse responses /1 (n) and h;(n) which are given in Fig. 5 according to the model
presented in [16]. We note here that for generating the two mixture signals m; (n) and
my(n), we have used (1) and (2), and they are shown in Fig. 6. The real filters length is
L = 128, and the input SNR at the first input m (n) is equal to O dB and at the second
input my(n) is equal to —3 dB. Finally, Table 2 summarizes the controlling parameters
for each algorithm.

Amplitude
Amplitude

L
25 3

1.5 2
Simples <10° Simples x10°

0 0.5 I 15 2 25 3 0 05 1

Fig. 4. Original speech signal (in left) with its segmentation (in red) and USASI noise (in right)
(Color figure online)
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Fig. 6. The mixture signal m; (n) (in left) and the mixture signal my(n) (in right).

Table 2. Controlling parameters for the proposed algorithm, TM-FNLMS and TM-SFTF

TM-FNLMS | TM-SFTF | Proposed TM-RSMFTF algorithm
Uy =0.7 n=0995 P=1 P =40 P =100
U = 0.7 n=0.995|1n=0.999 | n=0991
C=0.000001 A=05 |A=07 |A=05 |2=05
c,=1 c,=01 |¢c,=05 |¢c,=1

6.2 Time Evolution of the Output Speech Signal

In order to evaluate the performance of the proposed algorithm TM-RSMFTF, we have
given in Fig. 7, the estimated speech signals u;(n) that are obtained by the proposed



196 Z. Guernaz and X. Wu

TM-RSMFTF algorithm with different size of predictors (P = 1, 40 and 100) and the
results obtained from TM-SFTF algorithm.

—Proposed algorithm (P=1) —Proposed algorithm (P=40)

005 005
st <
= £
p— p— 0
£ g
< <

-0.5

0 0.5 1 1.5 2 2.5 3 0 0.5 1 1.5 2 2.5 3
Simples x10* Simples x10*
1.5 ]
—Proposed algorithm (P=100) —TM-SFTF
1 1

0.5 005
=] =]
= £
o, o
z z

0.5 -0.5

0 05 1 15 2 25 3 o 05 1 15 2 25 3
Simples x10° Simples x10*

Fig. 7. Estimated speech signals obtained by the proposed TM-RSMFTF algorithm (P = 1, 40
and 100), and The TM-SFTF algorithm.

Based on Fig. 7, it can be observed that the acoustic noise almost entirely reduced
from the output speech signals by the proposed algorithm TM-RSMFTF with various
size predictor and TM-SFTF algorithm, and from these results we can conclude that the
proposed algorithm has good performance to reduce acoustic noise and enhance speech
but we cannot judge whom of the 4 algorithms is the best in term of the quality of the
estimated output speech and convergence speed that’s why we have used different
objective criteria such as the system mismatch(SM), mean square error(MSE), seg-
mental signal to noise ratio(segSNR) and Cepstral distance(CD).

6.3 System Mismatch (SM)

In order to evaluate the convergence speed and tracking ability of the proposed
algorithm, we used system mismatch criteria (SM). This objective criterion will



A New Two-Microphone Reduce Size SMFTF Algorithm 197

facilitate quantifying the convergence and tracking ability of any methods. As we are
interested in noise reduction and speech enhancement in our TM-FBSS structure so our
interest is directed to the estimated speech output u;(n); and therefore, we concentrate
only on the adaptive filter wy;(n). The SM of wy;(n) is computed by the following
equation [11]:

(36)

By — 2
SMs = 20l0g10 <—| 21— wa(n)] )

7

where, wy;(n) and hy; are simulated and real impulse responses. We have carried out
many experiments of the proposed algorithm TM-RSMFTF with different sizes pre-
dictors P, TM-SFTF and conventional TM-NLMS algorithm. The source noise is
USASI noise and input SNR at the first input is equal to O dB and at the second input is
equal to —3 dB.

We have given in Fig. 8 the SM criterion evaluation obtained by the proposed
algorithm TM-RSMFTF for different size predictor (P = 1, 40 and 100), TM-SFTF
algorithm and TM-FNLMS algorithm. According to Fig. 8, we noticed that for dif-
ferent size predictor, the proposed algorithm have almost the same performance with
the full-size version(TM-SFTF), and this result is obtained by the good choice of the
controlling parameters (4,1, c¢,) for each algorithm. We can conclude that the good
convergence speed of the proposed algorithm allows us to say that this algorithm is a
good choice for noise reduction and speech enhancement applications.

~~
/M
o -10 - =
N
[=}
B

20+ 4
% Proposed algorithm (P=1)
= —— Proposed algorithm (P=40)
g 30 —— proposed algorith (P=100) 7
2]
o= = TM-SFTF algorithm
E 40 TM-NLMS algorithm
8 A
2 50 - S — A -
n

60 I 1 I I I

0 20 40 60 80 100 120 140 160
Block of 256 simples

Fig. 8. SM comparison between proposed TM-RSMFTF for size predictor P = 1(in green),
P = 40(in black), P = 100(in red), TM-SFTF (in blue) and TM-FNLMS algorithm (in cyan).
(Color figure online)
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6.4 Signal to Noise Ratio (SNR)

In order to quantify the noise reduction performance of the proposed TM-FRSMFTF
algorithm, we have calculated the output SNR of the estimated speech output. The
SegSNR criterion is given by the following expression:

21?:_11 S(k)|2
S s(k) — wi (k)|

where, s(n) and u;(n) are respectively the original speech signal and the enhanced
signal. The parameter Q is the mean averaging value of the output SNR. The presence
of the term VAD (voice activity detector) in (37) means that this objective criterion
calculated only during speech signal periods. We have reported in Fig. 9 that the results
of SegSNR obtained by the proposed algorithm with different size predictor (P = 1, 40
and 100), TM-SFTF algorithm and the TM-FNLMS algorithm.

SNRdB = IOIOgl() ( 5 VADK> . (37)

D
=]

T T T T
* "

650; /A \ mfx X ‘(‘? %\\g\\/ ¢ \ ﬁ? i
E i 1 \, Ay \\J v ‘A Jf

40 + U L1 X \ b L .
g ! LIS | vin
o4 30 _
Z
723N J
s 10 ——Proposed algorithm (P=1)
5 —*Proposed algorithm (P=40)
E o ——Proposed algorithm (P=100) -
A -10 TM-SFTF |

——TM-FNLMS
220 ! ! 1 1
0 20 40 100 120 140

60 80
Block of 512 simples

Fig. 9. SegSNR comparison between proposed TM-RSMFTF for size predictor P = 1(in black),
P =40 (in red), P = 100(in blue), TM-SFTF (in green) and TM-FNLMS (in magenta). (Color
figure online)

From Fig. 9, we observed that the proposed TM-RSMFTF algorithm with different
size predictor P has almost the same behavior in reducing noise in comparison with the
TM-SFTF algorithm, and even for P < L, no degradation has been found in the output
SegSNR values. From the same figure, we can also observe that the proposed TM-
RSMFTF with predictor order one has good behavior in comparison with the TM-
FNLMS algorithm and almost identical to TM-SFTF algorithm. From these results, we
can conclude that the proposed TM-RSMFTF algorithm has good behavior in reducing
noise.
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6.5 Cepstral Distance (CD)

The CD criterion allows evaluating the distortion of the TM-FNLMS algorithm, TM-
FRLS, and the proposed TM-FRSMFTF algorithm. This objective criterion is esti-
mated by using the log-spectrum distance between the original speech signal sp(n) and
ui(n), where u;(n) is the estimated speech signal obtained at the output of the FBSS
structure and is given by the following equation [11]:

CDdB = Zf;ll IFFT[((ZOgl()(‘S(k7 (D)| — lOg10(|U1 (k, (1))|)VAD[()]2 (38)

where, S(w) and U, (w) are respectively the short Fourier transform of the original
speech signal s(n) and the enhanced one u;(n) at each frame k, and Q is the mean
averaging value of the CD criterion. The presence of the parameter VAD (voice activity
detector) in (38) means that we calculate this criterion only during the presence of
speech signal periods, and in these periods, VAD takes 1 and when the speech signal is
absent VAD takes 0.

We have done our simulation with the same speech signal of Fig. 4 and source
noise is USASI with the same controlling parameters in Table 2 and the input SNR at
the first input is 0 dB and at the second input is —3 dB. From Fig. 10, we have seen the
superiority in less distortion of the proposed algorithm in comparison with the TM-
FNLMS algorithm.

o

——Noisy speech —=—Propoosed algorithm (P=1) ——Propoosed algorithm (P=100)

TM-FNLMS ——Propoosed algorithm (P=40)

I b ,Q ' 4 I »I |
‘W "‘ “ f 'V”* !”"" ~

| L I 1 1
20 40 60 100 120 140 160

Block of 512 simples

D
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<
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Cepstral Distance (dB)

4
T
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Fig. 10. Cepstral distance evaluation of the proposed algorithm (P =1 in black), (P = 40 in
red), (P = 100 in blue) TM-FNLMS algorithm (in green) and noisy speech (in magenta). (Color
figure online)

6.6 Mean Square Error

In order to quantify the convergence of the algorithms i.e. the proposed TM-RSMFTF,
TM-FNLMS, and TM-SFTF, we use another objective criterion which calls SegMSE.
This SegMSE criterion is given by the following equation:
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MSE(db)_ZOlogm(Zfl (k)VADK> (39)

where, u;(n) is the enhanced speech signal, and the parameter Q is the mean averaging
value of SegMSE. The VAD is voice activity detector used to estimate the SegMSE in
absence speech periods.

From Fig. 11, we have confirmed the good speed convergence of the proposed TM-
RSMFTF algorithm with different size of predictor (P = 1, 40 and 100). We have also
confirmed that no retrogression has been seen in SegMSE values in the steady-state
regime even for small size predictor. The good choice of the controlling parameters
(4,1, ¢,) for each algorithm lead to the same convergence speed performance with the
TM-SFTF algorithm. Finally, we confirmed that the good convergence speed of the
proposed TM-RSMFTF algorithm allows us to say that this algorithm is a good choice
for noise reduction and speech enhancement applications.
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Fig. 11. SegMSE comparison between proposed TM-RSMFTF for size predictor P = 1(in
black), P = 40(in red), P = 100(in blue), TM-SFTF algorithm (in green) and TM-FNLMS (in
magenta). (Color figure online)

7 Conclusion

In this paper, we have proposed a new robust algorithm applied for speech quality
improvement and noise reduction in new telecommunication systems and speech
recognition systems. The proposed algorithm is an outcome of the combination of two
microphones forward blind source separation structure and the reduce size simplified
fast transversal filter which is a stable and robust version of the FTF algorithms.

The proposed TM-RSMFTF algorithm has low computational complexity, which is
less than TM-SFTF algorithm, and similar to the TM-NLMS algorithm if P = 1.
Reducing the size predictor P leads to the reduction of the computation complexity for
this algorithm without degradation in its performance even for small size predictor
(P < L) due to the presence of regularization constant and leakage factor and also to
the two likelihood variables.
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The simulation results confirm this conclusion and also show that the proposed

algorithm has almost similar performance with the TM-SFTF algorithm and better than
the TM-FNLMS algorithm in term of less distortion on the enhanced speech signal,
speed convergence and different objective criteria such as segmental signal to noise
ratio (SegSNR), Segmental mean square error (SegMSE) and the system mismatch
(SM).
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