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Acoustic echo control is of vital interest for hands-free operation of telecommunications equipment. An
important property of an acoustic echo canceller is its capability to handle double-talk and be able to
operate in real time. When it is applied to intelligent voice control device, it is important to suppress
the speech from the device and enhance the speech of the user for speech recognition, where doubletalk situation is frequently occurred. In this paper, we propose a novel hardware architecture to support a
robust adaptive algorithm in combination with a switching path model to tackle the double-talk situation.
The proposed switching path model avoids adapting two ﬁlters at the same time during double-talk
and prevents the disadvantage of the conventional two-path model. In order to achieve computational
eﬃciency and to meet the rigorous timing requirements, the echo canceller is operated in the frequency
domain and its computing power is raised by a hardware accelerator implemented in the FPGA fabric
surrounding a PowerPC on a Xilinx XUP V2P platform. Results obtained show the echo canceller is
successful in handling double-talk situation and the sub-band implementation has improved convergence
signiﬁcantly. An overall improvement by 82.5 times is achieved when a hardware accelerator is used to
perform the critical part of the algorithm over a pure software implementation running on a 300 MHz
embedded PowerPC processor.
© 2011 Elsevier Inc. All rights reserved.
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1. Introduction
Echo arises at various points in a voice communication network,
such as hands-free telephony, VoIP or intelligent voice control device. Without proper control, it can cause signiﬁcant degradation
in conversation quality. Adaptive ﬁlters are employed to identify
the echo path and cancel the echo [5]. In a normal oﬃce room environment the reverberation time will be several 100 ms, which
corresponds to several hundred samples with discrete-time impulse response at a 8 kHz sampling rate. The large number of
samples contribute to the complexity of an effective acoustic echo
canceller.
There are a lot of interests recently in intelligent voice control
devices, which have many applications ranging from logistics warehouse control to intelligence home design [1,2]. In the electronics
industry, it is also popular to add the speech control functionality to banking systems [3] and even interactive children books [4].
When conversation capability is included in the device, it resembles a hands-free communication system. When the device speaks,
the voice will be fed back to the microphone creating an echo
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noise. If we try to issue commands to control the device at the
same time, this will create the double-talk situation. Depending
on the signal-to-echo ratio, the speech recognition performance of
such device may deteriorate signiﬁcantly.
When double-talk occurs, the adaptation of the ﬁlter coeﬃcients becomes questionable. The adaptive algorithm mistakes the
near-end signal as an echo and adjusts the ﬁlter coeﬃcients in
an inappropriate manner. This will cause the algorithm to diverge
and make the echo cancellation fails. A general way to handle
double-talk is to stop the adaptation whenever a strong near-end
signal is detected. One approach is to use a double-talk detection scheme [6] together with the robust normalised least-mean
squares (NLMS) algorithm. Another approach is a two-path model
that uses a foreground and a background ﬁlter [7,8]. This model
employs a continuously adaptive background ﬁlter to identify the
echo path while the foreground ﬁlter is a ﬁxed ﬁlter copied from
the background ﬁlter constantly. There are certain disadvantages of
using these two approaches. For the ﬁrst approach, it requires to
adapt two ﬁlters at the same time during double-talk, which increases the complexity signiﬁcantly. For the second approach, the
continuous adaptation of the background ﬁlter allows it to diverge
from the true echo path during double-talk. As a result, the ﬁxed
foreground ﬁlter may not reﬂect the correct echo path for a certain
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Fig. 1. Delay-less sub-band adaptive ﬁlter structure.

duration of time. This is particularly serious when double-talk is
followed immediately by echo path variations, where the two-path
model fails to track any variation until the background ﬁlter is reconverged.
In this paper, this problem is addressed. A robust adaptation
technique is proposed to derive a switching scheme to transfer
between two echo paths. This extends the two-path model and
unlike [6], the proposed scheme has the advantage that only one
adaptive ﬁlter is required at each time frame even during doubletalk. The problem of double-talk is tackled by switching between
paths instead of using two adaptive ﬁlters or one ﬁxed ﬁlter. In
achieving computational eﬃciency, ﬁrst of all, a frequency domain
implementation (or sub-band processing) using a delay-less structure is employed to speedup the convergence of the echo canceller.
In order to achieve real-time performance, the complete architecture is implemented on FPGA. Our implementation differs from
the other approaches (such as [9,10]) where time domain is often used and double-talk is often ignored. In order to determine
the ﬁlter length and the ﬁxed point format, a commercial pretrained speech recogniser together with a ﬁnite set of speech commands is used to assess the effectiveness in reducing echoes. The
target is to achieved 100% accuracy for a given set of speech commands.
To summarise, the key contributions of this paper include the
following. First of all, this is the ﬁrst hardware architecture for
a novel robust switching path sub-band echo canceller. The proposed design can handle double-talks effectively and eﬃciently,
even when it occurs closely in time with echo path variations.
The frequency domain implementation has improved the misalignment of the echo path which will give much better echo
noise reduction. Second, suitable bitwidth of the system has been
explored using optimisation based on bitwidth analysis. The optimised integer and fraction size using ﬁxed-point format can reduce the overall circuit size by up to 80% when compared with
a direct implementation of the software onto an FPGA platform.
Third, hardware accelerator is equipped to perform the most timeconsuming part of the algorithm. The acceleration is evaluated
and compared with a pure software implementation running on
a 300 MHz embedded PowerPC processor, showing that a speedup
of 82.5 times is achieved. Fourth, the ﬁlter length and the ﬁxedpoint format are selected based on the performance on the enhancement of speech recognition using a given set of speech commands. Unlike other applications, it turns out that much shorter

ﬁlter length is required even for very low signal-to-echo ratios.
2. Background
Consider transmitting signals over hands-free telephony systems. Let x(n) be the input calibration signal to the system and
y (n) be the return signal. Without echo cancellation, the return
signal can be written as

y (n) =

∞


h(k)x(n − k) + v (n),

(1)

k =0

where v (n) is the background noise plus the possible speech of the
near-end speaker. The echo cancellation is achieved by ﬁnding an
estimate of the echo and subtracting it from the return signal. Let
ŷ (n) be the estimate of the echo, it can be written as

ŷ (n) =

N
−1


ĥ(k)x(n − k),

(2)

k =0

where ĥ(k) is the estimate of the impulse response of the echo
path with a ﬁlter length N. The error of the signal is therefore

e (n) = y (n) − ŷ (n).

(3)

The delay-less sub-band echo canceller is illustrated in Fig. 1.
The echo path is modelled in sub-bands with a set of parallel
adaptive ﬁlters. The sub-band ﬁlters are then collectively transformed to a single full-band ﬁlter via a weight transform. In this
paper the DFT-FIR weight transform method is used [13]. This fullband ﬁlter models the acoustic channel. By separating the paths
for adaptation and echo cancellation, the analysis/synthesis system in the signal path, and thus the signal path delay, is avoided
whilst the desired features of sub-band processing such as signal
de-correlation and computational eﬃciency are retained.
The adaptive ﬁlter in the mth sub-band, ĥm (k), is adapted by
the signals in that sub-band, xm (k) and em (k). Depending on how
em (k) is constructed, the delay-less sub-band adaptive ﬁlter can
be conﬁgured in either a open-loop and closed-loop way. In the
open-loop conﬁguration, the error signal em (k) is generated locally
in the mth sub-band as
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H
em (k) = dm (k) − ĥm
(k)xm (k)

and H 0 be selected otherwise. In the conditions,

dm (k) = d(n) ⊗ f (n)|↓ D

E (|χ (nr )|2 ) denotes the standard deviation of the corresponding
signal χ (n), T e , T d and T x are preset detection thresholds, Υhold
is the hangover time, nr ’s are the consecutive detection time instances. In practical implementation, σχ (nr ) is often replaced by
the mean absolute deviation of the corresponding signal over an L
point window as

xm (k) = x(n) ⊗ f (n)|↓ D

⎡
⎢

xm (k) = ⎢
⎣

xm (k)
xm (k − 1)

..
.

⎤
⎥
⎥
⎦

(4)

xm (k − N s + 1)

L −1

where ⊗ denotes a convolution operation, ·|↓ D denotes D fold
downsampling, and f (n) is the analysis ﬁlter. In the closed-loop
conﬁguration, em (k) is obtained from the full-band error signal
e (n) as

em (k) = e (n) ⊗ f (n)|↓ D

(5)

presenting an implementation of the ‘synthesis dependent’ solution. By utilising the full-band error signal, it is possible for a
closed-loop sub-band adaptive ﬁlter to converge to the optimal
Wiener solution. Moreover, the closed-loop conﬁguration yields
better computational eﬃciency because no convolution in the subbands is necessary. The closed-loop conﬁguration will be employed
in this work.
3. Robust switching path adaptive ﬁltering
Before describing the switching path model, we ﬁrst discuss the
background of the model. In an echo canceller employing a typical
two-path adaptive ﬁlter structure, the echo is cancelled using the
non-adaptive foreground ﬁlter ĥf (n). The resulting foreground error
signal

e f (n) = d(n) − ĥf ⊗ x(n)

(6)

is transmitted to the far-end. The echo path is identiﬁed in the
background using an adaptive background ﬁlter ĥb (n). The background error signal

e b (n) = d(n) − ĥb ⊗ x(n)

(7)

is fed back for the update of the background ﬁlter coeﬃcients. The
signal powers are compared. When the background ﬁlter provides
a more reliable estimate of the echo path than the foreground ﬁlter, its coeﬃcients are copied to the foreground.
In order to control the copying of ﬁlter coeﬃcients, the following hypotheses are to be tested

H1:

hb (n)

2

 hf (n)

2

H 0:

hb (n)

 hf (n)
2

2

(8)

where

hb (n) = hopt − ĥb (n)
hf (n) = hopt − ĥf (n)
are the background and foreground coeﬃcient error vectors, and
hopt is the optimal ﬁlter coeﬃcients.
In a typical two-path model, such as the original two-path
model (OTPAF) [7], it is suggested that the hypothesis H 1 to be
selected when

σeb (nr )
 T e ∀r = 0, 1, . . . (Υhold − 1)
σef (nr )
σe (nr )
 T d ∀r = 0, 1, . . . (Υhold − 1)
ξ (d) (nr ) = b
σd (nr )
σd (nr )
 T x ∀r = 0, 1, . . . (Υhold − 1),
ξ (x) (nr ) =
σx (nr )
ξ (e) (nr ) =

σχ (nr ) =

(9)

σ̂χ (nr ) =

1
L

χ (nr − l)

l =0

in order to lower the computational complexity. From the above
conditions (9)–(11), ﬁlter coeﬃcient copying only occurs when [7]

• the background residual echo power is at least −10 log10 T e
decibels lower than the foreground one (from (9));

• the background ﬁlter delivers at least −10 log10 T d decibels
echo suppression (from (10));

• the echo signal is at least 20 log10 (1/ T d2 − 1) decibels above
the near-end signal (from (10));

• the echo signal is at least 20 log10 ( T x2 (1 − T d2 )) decibels below
the microphone signal (from (10) and (11)).

The above information can be used in the choice of detection
thresholds. Note that the original two-path model (OTPAF) was developed for line echo cancellation where a minimum echo path
attenuation is guaranteed by industry standard. The condition (11)
makes explicit use of this a priori information. However, in acoustics, echo paths are of very diverse characteristics and information
about the echo path attenuation is not known a priori. Hence, in
our situation, only conditions (9) and (10) are imposed.
It is well known that the OTPAF achieves fast converging and
tracking with a background ﬁlter that is continuously updated and
masks the performance degradation due to double-talk (DT) with
a foreground ﬁlter that is kept ﬁxed when the background ﬁlter
adaptation is disrupted by the near-end speech. Nevertheless the
background ﬁlter is expected to diverge during double-talk period
due to its continuous adaptation. Also, it suffers from the problem
of slow tracking after double-talk. This is due to the continuous
adaptation during DT so that the background ﬁlter diverges during
DT. After the near-end talker ceases talking, the background ﬁlter
has to converge toward the new room impulse response from a
considerably poorer initial guess. This give rise to a slow tracking
speed after DT.
Another major problem of the OTPAF is the possibility for the
background ﬁlter coeﬃcients to be copied to the foreground when
the foreground echo path model is considerably more accurate
than its background counterpart. We call this false ﬁlter coeﬃcient
copying. The OTPAF relies on the comparison of the residual echo
powers to determine whether the background echo path model is
more reliable than the foreground one. Nevertheless, due to the
non-uniform distribution of far-end speech signal energy over different frequency bands, large differences between the echo path
and the background ﬁlter may not show up in the background error signal power. This allows the background ﬁlter to be regarded
as a better model of the echo path than the foreground one when
its overall modelling accuracy is actually considerably poorer in the
sense that
π

π
2

2

 H b (ω) dω
(10)
(11)

−π

 H f (ω) dω,

(12)

−π

where  H b (ω) and  H f (ω) are the Fourier transform of the background and foreground coeﬃcient error vectors.
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Fig. 2. Robust switching path adaptive ﬁlter block diagram.

Assume that in a given time period, the dominant part of the
far-end signal energy falls in the frequency region Ω0 and condition (9) is satisﬁed. The fact that (9) is satisﬁed over such a time
period ensures that

 H f (ω)

 H b (ω)

∀ ω ∈ Ω0

(13)

but leaves the possibility of

 H b (ω)

 H f (ω)

∀ω ∈
/ Ω0

(14)

open. When this happens, the background ﬁlter coeﬃcients will
be copied to the foreground despite that the foreground ﬁlter may
be a more accurate model of the echo path than the background
one in the sense that the foreground misalignment is considerably
smaller than the background misalignment
f (n)



b (n),

(15)

where the misalignments of a ﬁlter ĥ(n) is deﬁned as

(n) = 20 log10

hopt − ĥ
hopt

2

.

(16)

2

Note that speech signals are non-stationary. When the far-end signal spectrum changes after a false ﬁlter coeﬃcient copying and
signiﬁcant portion of the far-end signal energy falls in Ω1 , a residual echo of increased power will be sent to the far-end user.
The above discussion reveals that the OTPAF suffers from a
limited tracking capability after DT and a possible false ﬁlter coeﬃcient copying. These problems are caused by the divergence of
the background ﬁlter during DT. In view of this, a novel robust
switching path adaptive ﬁltering algorithm (RSPAF) is proposed.
The proposed RSPAF has the following properties:

• Instead of a binary logic, we employ a three-value logic for
ﬁlter coeﬃcient copying (referred to two-way ﬁlter coeﬃcient
copying in this paper). The two-way ﬁlter coeﬃcient copying
mitigates the aforementioned problems of slow tracking and
false coeﬃcient copying after double-talk.
• It performs adaptation directly on the foreground ﬁlter in
steady state in which the foreground ﬁlter provides a good estimate of the echo path and the near-end speaker is silent.
This helps to eliminate an extra convolution needed for running the background ﬁlter when possible.

The block diagram in Fig. 2 illustrates the proposed robust switching path adaptive ﬁlter, in which STD stands for single talk detector.
From the above analysis, it is realised that the OTPAF is allowed
to stay in the state in which the accuracy of the background echo
path model is substantially lower than that of the foreground one.
This gives rise to the problems of slow tracking and false ﬁlter
coeﬃcient copying after DT. In order to alleviate these problems,
we test the following three hypotheses:

⎧
H 0:
⎪
⎪
⎨

hb (n)

2

≈ hf (n)

2

H 1:

hb (n)

2

 hf (n)

2

H 2:

hb (n)

2

⎪
⎪
⎩

(17)

hf (n) 2 .

We copy the ﬁlter coeﬃcients from background to foreground (forward ﬁlter coeﬃcient copying) when H 1 is selected and copy the
ﬁlter coeﬃcients from foreground to background (backward ﬁlter
coeﬃcient copying) when H 2 is selected. The copying of the ﬁlter
coeﬃcients in both forward and backward directions is referred to
as two-way ﬁlter coeﬃcient copying. In the case of H 0 , the foreground ﬁlter is kept ﬁxed and the background ﬁlter is updated as
in the OTPAF.
With the two-way ﬁlter coeﬃcient copying, the statistic ξ (e) (n)
becomes a more reliable indicator of the relative quality of the
echo path models. Consider that the background ﬁlter is excited in
the frequency region Ω1 during DT. This results in

 H b (ω)

 H f (ω)

∀ ω ∈ Ω1

and

σ 2b

σ 2f .

(18)

This, in turn, triggers a backward ﬁlter coeﬃcient copying. The
probability of

 H b (ω)

 H f (ω)

∀ ω ∈ Ω1

occurring when ξ (e)  T e is observed is substantially diminished.
Therefore, one could be much more conﬁdent that the background
echo path model is more accurate and forward ﬁlter coeﬃcient
copying is much less likely to be false. The same argument also
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applies for backward ﬁlter coeﬃcient copying. The hypotheses in
(17) can be tested as follows:

• When (9) and (10) are satisﬁed, select H 1 ;
• When

ξ (e) (nr )  T e,b ∀r = 0, 1, . . . (Υhold,b − 1),

(19)

select H 2 ;

• Select H 0 otherwise.

ĥf = ĥf + μ f (∇ ĥf )

In other words,

H2:

hb (n)

σeb (nr )
 T e,b
σef (nr )

hf (n) 2 :

2

H1:

hb (n)

2

 hf (n) 2 :

H0:

hb (n)

2

≈ hf (n) 2 :

⎧ σe (nr )
⎨ σ b (n )  T e
e
r
f

denotes adapting the foreground ﬁlter with a robust algorithm, and

(20)
ĥb = ĥb + μ∇ ĥb

⎩ σeb (nr )

(21)

otherwise.

(22)

σd (nr )  T d

In addition to the three hypotheses in (17), the algorithm has
to test one more hypothesis

H3:

hf (n)

2

σ v2 ≈ 0

≈ 0,

(23)

for the detection of steady state. The above hypothesis can be easily tested with simple correlation analysis [11]. The hypothesis H 3
being true is equivalent to

ŷ f (n) ≈ y (n)

(24)

d(n) ≈ y (n)

(25)

and thus equivalent to

ŷ f (n) ≈ d(n).

(26)

Therefore,

ρ (n) =

|r ŷd (n)|2
|r y y (n)|2
≈
= 1,
r ŷ ŷ (n)rdd (n)
r y y (n)r y y (n)

(27)

where





rab (n) = E a(n)b(n) .

(28)

L −1

ρ
1 

Lρ

a(n − l)b(n − l)

(29)

l =0

where L ρ is the window length for estimating the correlation.
A steady state will be declared when a certain threshold is met
as follows:

ρ̂ (nr ) =

|r̂ ŷd (n)|2
r̂ ŷ ŷ (n)r̂dd (n)

 Tρ

∀r = 0, 1, . . . (Υhold,ρ − 1).





4. Performance on voice control device
In order to assess the performance, a pre-trained speech recogniser based on the principle of hidden Markov model is employed.
A ﬁxed set of n voice commands, denoted by {s1 , s2 , . . . , sn }, is
built into the dialogue between the system and users. A dialogue is
deﬁned as a ﬁnite state machine, which consists of states and transitions. A dialogue state represents one conversational interchange
between the system and user, typically consisting of a prompt and
then the user’s response. The system constantly listens to the trigger phrase in the system standby phase. As soon as the user say
the general-purpose trigger phrase, the system will respond with
an acknowledge tone. The caller is response to specify the desired transaction. The caller responds in variety of ways but must
include one of several keywords that deﬁne a supported transaction. In the case of a user proﬁle transaction, the application
will retrieve the pre-programmed setting of the speciﬁed user, and
prompt the user with conﬁrmation before going back to the system standby state.
Due to the presence of echo noise, the input commands are
usually distorted noise, given by

xi = s i + n i

i = 1, . . . , n .

  i

 

L 1 ŝ , . . . , L n ŝi

(32)

(30)

(31)

where μ is the stepsize and ψ(ν , ι) is a nonlinear function of ν
with a scaling parameter ι. Different algorithms differ from each

(33)

where L j ( ŷ i ) stands for the likelihood that the received command
is the jth command. The estimated command is taken to be

  

î = arg max L j ŝi

It should be noted that due to statistical ﬂuctuation, steady
state detection errors are inevitable. In order to prevent these detection errors causing the foreground ﬁlter to diverge, similar to
[6], robust statistics [12] based adaptive ﬁltering algorithms are
used to adapt the foreground ﬁlter as well. These algorithms update the adaptive ﬁlter coeﬃcients as

ĥ(n + 1) = ĥ(n) + μψ e (n), σ̂ (n) x(n)

denotes adapting the background ﬁlter with a fast converging algorithm. Same as the OTPAF, the RSPAF also operates in a block by
block fashion for each block of D signal samples.

With echo cancellation, the estimated command signals are given
by ŝi . For the received ith command, a vector of scores is calculated, denoted by

In practise, rab (n) are estimated as

r̂ab (n) =

other in the nonlinear function ψ(·) employed and the way the
scaling parameter σ̂ (n) is computed. Here, we employ Huber’s
nonlinear function and a scaling parameter computed with Huber’s
method in the proposed AEC together with a closed-loop delay-less
sub-band adaptive ﬁlter [13] for the adaptation of the foreground
ﬁlter.
The proposed robust two-path adaptive ﬁlter in its complete
form is summarised in the ﬂowchart displayed in Fig. 3. In the
ﬂowchart,

.

(34)

j

We can ﬁnd the percentage of correct recognition by counting the
number of correct estimates.
5. Design and implementation
5.1. Overview
In the time domain, the main operations of the robust two-path
echo canceller are the error calculations given by Eqs. (6) and (7).
The only difference between the two equations is the ﬁlter coeﬃcients. For a ﬁlter length of 1024 taps and a sample rate of 8 kHz,
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Fig. 3. Control of adaptation and coeﬃcient copying in RSPAF.

the processor has to perform at least 48 million arithmetic operations per second because of the computational-intensive timedomain convolution operation. This is greatly reduced by carrying
out the actual ﬁltering in the frequency domain and transforming
the results back to the time domain described using the dataﬂow
shown in Fig. 4, the main operations of which involves:
(1) Analyse the input and error signal to their frequency domain
representations via FFT;

(2) Filter the sub-band signals by the sub-band impulse response
estimates. The multiplication itself is a complex dot-vector
product operation;
(3) Synthesise the impulse response estimates back to the time
domain via IFFT (inverse FFT).
The Xilinx XUP V2P board is used as a hardware platform
to implement the echo canceller. This board contains a Virtex
II Pro FPGA with 256 MB external DDR memory. Despite the
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Fig. 4. Dataﬂow of the main operations.

reconﬁgurable logic fabric, there are two PowerPC 405 processors
in the FPGA which can operate at 300 MHz.
The echo canceller is implemented using a hardware software
co-design ﬂow. The implementation begins with a pure software
system implemented on a processor in an FPGA. It acts as a reference implementation and can be used for proﬁling to determine
the critical computation in the system. Once the time consuming
operations are identiﬁed. Those operations can then be implemented on the hardware using FPGA fabric. FPGA device embedded
with processor such as Virtex II Pro is a good candidate for this
implementation [14]. A dedicated processor allows generic computation on the software part while computationally intensive part
can be implemented using reconﬁgurable fabric.
5.2. Pure software implementation
A block diagram of the echo canceller architecture is shown in
Fig. 5. As it is based on hardware-software co-design approach,
the architecture involves general processor component, FPGA fabric
and the connection interface between them. While a pure software
implementation does not require FPGA fabric for implementing
computation part, the FPGA fabric is still used in implementing
the interface to connect different peripherals with corresponding
buses.
Instructions are stored in the on-chip memory and can be accessed by the processor using instruction-side on-chip memory
bus (ISOCM). User inputs are stored in external ﬁle system initially
and are transferred to external memory during the initialisation
stage. External memory is attached to the processor using processor local bus (PLB). Data are then fetched to the on-chip memory
for processing via data-side on-chip memory bus (DSOCM). In addition, the processor is connected to a RS232 interface and a timer
for user communication and proﬁling the results respectively. Low
speed peripherals such as the RS232 interface, the timer and the
ﬁle system device are connected to the PowerPC using on-chip peripherals bus (OPB).

Fig. 5. Hardware/software co-design system.

The algorithm is ﬁrst described in Matlab and is translated to
C program. It is described using relatively straightforward, hardware independent C code, with some minor optimisations to increase the performance. It is then proﬁled using a timer attached
to the processor. The timer is a hardware counter which runs at
system bus clock (100 MHz). Because the counter is a hardware
timer, it guarantees the accuracy of our measurements. Reading
the value from the timer usually takes 10–20 clock cycles which
does not signiﬁcantly affect our accuracy since the computation
time is ranged from several thousands to millions of clock cycles.
The total execution time required to process a 21 s wave ﬁle
sampled at 8 kHz in pure software implementation is about 661 s.
In other words, the pure software implementation can be able
to process about 254 samples per second. The proﬁling results
of the main operations are shown in Table 1(a), indicating that
the FFT/IFFT are the most time consuming operations. Both transformations consume 97% of the processor time. In addition, the
complex convolution are the third most computationally intensive operations and consume 2% of processor time. Other operations, such as ﬁle I/O, initialisation, voice activity detection and
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coeﬃcients copy, consume approximately around 1% of processor
time. A more detail analysis is performed and the number of clock
cycle required for individual operation is obtained. The results is
shown in Table 1(b).
5.3. Hardware/software implementation
To achieve higher performance, we introduce dedicated hardware for computationally intensive operations using reconﬁgurable
resources on the FPGA. This approach guarantees computational
eﬃciency by taking advantage of the parallelism property of the algorithm running in the frequency domain, which can be exploited
at several levels:

• Loop level parallelism, consecutive loop iterations can be executed in parallel;

• Task level parallelism, that entire procedures inside the program can be executed in parallel;

• Data parallelism.
Table 1
Proﬁling pure software implementation.
Function

# Execution

24-bit FFT (128pt)
Complex Conv (16 taps)
24-bit IFFT (128pt)
File I/O, initialisation, misc.

3948
256 620
25 052
n/A

% Overall time
12%
2%
85%
1%

(a) Main operations
Function

Cycle count

24-bit FFT (128pt)
Complex Conv (16 taps)
24-bit IFFT (128pt)

2 106 334
5868
2 390 317

(b) Number of clock cycle for individual operation
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The software implementation is analysed to determine an optimised mapping to the available hardware. Since the software implementation consists of control part and a computation part, the
ﬁrst step is to identify computational kernels of the algorithms.
As shown in Section 5.2, proﬁling results suggest that the FFT/IFFT
and complex convolution operations are the best candidates to be
implemented on as hardware accelerator on the reconﬁgurable fabric. The remaining parts in the code, such as, initialisation, control
logic, voice activity detection, coeﬃcients copying and ﬁle I/O are
implemented by software running on the processor.
The architecture of hardware implemented is illustrated in
Fig. 5, where the shaded box indicates the newly introduced reconﬁgurable hardware. The design focuses on the ﬂexibility and
portability in which a single description can derive different implementations based on the quality of the ﬁlter and the targeting
platform. Therefore, HDL descriptions with parametrised constructs
are employed to specify the architectural parameters such as the
bus width, the polarity of control signals and the number of functional units.
Since functional units can operate independently in the subband frequency domain, different functional units can execute the
band in parallel without affecting each other. Depending on the
reconﬁgurable resources of the targeting platform, it is possible to
instantiate more than one functional unit to speedup the computation. In this case, a multi-port register ﬁle can be employed to
store the data which allows the concurrent write back of corresponding results.
The internal architecture of the hardware accelerator is described in Fig. 6, where it is depicted at logic block level. The
core contains an operation unit, direct memory access (DMA) controllers and control registers. The DMA controllers provide a communication channel for the accelerator to access the shared memory between processor and accelerator. In order to maximise the
system performance, the FFT, the IFFT and the complex multiplier
are implemented using core generators provided by the vendor

Fig. 6. Block diagram of the hardware accelerator.
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tools [17]. The FFT and IFFT components are based on a radix-2 implementation and require 128-point, 24-bit data. The cores allow
continuous data processing and achieve fast transformation time.
The complex multiplier has been conﬁgured to support 32-bit input and 64-bit output. The ﬁnal results are truncated to 32-bit
so that they can be ﬁtted into the data bus. Additional saturation
arithmetic logic is implemented to handle the overﬂow condition.
The saturation arithmetic logic detects if there is any overﬂow at
the output of the complex multiplier and assigns the output to
maximum value instead of the overﬂow one [15]. Despite the FFT,
IFFT and complex multiplier cores, several different conﬁgurations
of FIFOs are used as I/O buffers in the DMA controllers.
One of the key challenges in hardware-software co-design system is the interface between them. It is because the communication overhead is usually the bottleneck in such systems. A protocol
is established such that the hardware knows when the data transfer is completed and start the processing. When the processing is
completed, the hardware has to notify the software and transfer
the data back to software for further processing.
To reduce the overhead in transferring the data between hardware and software, shared memory architecture is employed. The
shared memory architecture can reduce the transfer time significantly since both software and hardware can access the same
piece of memory. Therefore, data written by the software can be
seen from the hardware immediately and vice versa. A dual-port
block memory in the reconﬁgurable device is a suitable candidate
to implement the shared memory system. One side of the port is
connected to the processor and the other side of the port is connected to the reconﬁgurable hardware directly as shown in Fig. 5.
Data coherency is one of the major concern in the shared memory system. In the proposed system, only one port can access the
memory at a time to resolve the data coherency problem. In particular, hardware is not allowed to access the memory before receiving a start signal from the software and after sending a ﬁnish
signal to the software. Software is not allowed to access the memory after sending the start signal and before receiving the ﬁnish
signal. In our implementation, we used OPB registers to transfer
the start and ﬁnish signals. In addition, each sub-band ﬁlter has
independent memory addressing range. It ensures that the each
sub-band ﬁlter does not have race condition even if they operate
in parallel.
The hardware has dedicated DMA controllers to access the data
in the shared memory. The DMA controllers are written in VHDL
using behavioural description and used for control of data transfer from/to the shared memory, DSOCM. The DMA read master is
a read-only master that reads data from the DSOCM memory to
the input buffers of the hardware accelerator. Real number input
data will be stored into the buffer0, while imaginary number will
be stored into the buffer1. Once both real and imaginary data are
ready to be used in the input Buffers, Operation Unit will then
be enabled to do the computation. The DMA read master can be
conﬁgured to perform bursts read of different word length at the
beginning of each read transaction. The assumes the use of a linear frame buffer in which all data are contiguous. The read start
address and burst length of the DMA from the DSOCM is programmed via the OPB register slave interface. The DMA master
may be conﬁgured to generate an interrupt request at the end of
each frame read from memory. Similarly, DMA write master is a
write-only master that writes to the DSOCM in system memory.
The data of the output buffer0 are used to store the real product
and are ﬁrst written to the DSOCM. While the output buffer1 used
to store the imaginary product are written next.
The operation unit is written in VHDL, and can perform two
major operations, namely time-frequency domain transformation
and sub-band ﬁltering. The transformation is implemented by using FFT IP core offered by the vendor. The sub-band ﬁltering can

be decomposed into a series complex multiplications and accumulations. So the sub-band ﬁlter is implemented by complex multipliers and accumulators.
The operation mode is selected at the beginning of each operation via the OPB register slave. Once the processor has one
complete block of data in the DSOCM to be processed, the processor asserts a signal to operation unit to trigger the computation.
When the calculation is completed and the results are all written
to the DSOCM, the operation unit asserts another signal to indicate
the computation is completed. All the assertion signals are transferred using OPB interface. As the processor requires to wait for
the results from the operation unit for further processing, there is
no penalty to use polling scheme to detect the completion of operational unit.
Even though we have used DMA to handle the data delivery
between DSOCM to the computation core, transferring large chunk
of data between the accelerator and DSOCM imposes a penalty on
system performance due to the overhead associated with the DMA
control. In order to reduce the use of DMA, a data storage is implemented in the operation unit and is located between FFT/IFFT
core and complex multiplication cores. The moral of the scheme is
to cache the intermediate results from FFT/IFFT so that the results
can be fed to the next stage immediately without writing back to
the DSOCM. Therefore we can reduce the number of access of the
DMA. As shown in Fig. 7, results from the FFT/IFFT is written to
the data storage on a “column by column” basis. Once the FFT/IFFT
stage is completed, the complex multiplier can fetch data from the
data storage on a “row by row” basis for processing. Using this
scheme, we can reduce the number of DMA access by half.
6. Results
6.1. Individual operation
The performance of individual operation of the hardware accelerator is shown in Table 2. We measure the clock cycle count
using the same OPB timer as the one discussed in Section 5.2. The
results are then compared with the pure software one as shown in
Table 1(b). The clock cycle count is signiﬁcantly reduced by using
hardware accelerator. For FFT/IFFT operations, the speedup is approximately 1000 times and the hardware convolution can achieve
30 times speedup. As a results, the corresponding execution time
of the operations accelerated by hardware can be reduced dramatically as illustrated in Table 3.
6.2. Echo canceller
We can access the performance of the echo canceller using
simulation based approach. By using simulation, we can adjust parameters of the echo canceller such as the ﬁlter length, number of
sub-band relatively easy to tune the optimal performance of the
accelerator.
The performance of the proposed sub-band robust echo canceller is ﬁrst assessed. Fig. 8 illustrates the inputs of the echo
canceller. The data are collected in an oﬃce of 456 × 324 × 270 cm
in dimensions at 8 kHz sampling rate. The full band ﬁlter length
is set to N = 1024, the number of sub-bands is M = 128 with
a decimation factor of D = 64. For a typical application without
double-talk, the performance of the sub-band algorithm relative to
the time-domain implementation is illustrated in Fig. 9. Clearly, the
sub-band algorithm outperforms the full-band algorithm in terms
of the tracking eﬃciency and mis-alignment accuracy.
In the second experiment, we compare the performance of the
proposed RSPAF against those of the OTPAF and of the DTD based
on normalised cross-correlation [18] (referred to as NCC in the following text). The parameter settings for the three algorithms are
as follows.
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Fig. 7. Dataﬂow of data storage module.
Table 2
Performance of individual operation in the RSPAF algorithm after
using hardware accelerator.
Operation

Cycle count

24-bit FFT (128 pt)
Complex Conv (16 taps)
24-bit IFFT (128 pt)

2317
201
2019

Table 3
Execution time of the RSPAF algorithm after using hardware accelerator.
Operation

# Execution

% Overall time

24-bit FFT (128 pt)
Complex Conv (16 taps)
24-bit IFFT (128 pt)

3948
256 620
25 052

0.1%
1%
0.9%

• OTPAF:
– The background ﬁlter is adapted in 128 frequency bins using
the multi-delay frequency domain adaptive ﬁltering algorithm [19] with the stepsize μ set to 1.
– Thresholds and hangover time for ﬁlter coeﬃcient copying
are T e = 0.875, T d = 0.125 and Υ = 4 (32 ms).
• RSPAF
– The background ﬁlter is adapted exactly them same as it is
in the OTPAF.
– The foreground ﬁlter is adapted with a multi-delay version of the algorithm described in [20] with λ = 0.95, β =
0.60665 and k0 = 1.5.

– Thresholds and hangover for forward coeﬃcient copying are
T e = 0.875, T d = 0.125 and Υhold,f = 4.
– Thresholds and hangover for backward coeﬃcient copying
are T e,b = 1.125 and Υhold,b = 6.
– The squared correlation coeﬃcient ρ is estimated with L ρ =
64 and the STD threshold and hangover time are T ρ = 0.9
and Υhold = 5.
• NCC
– The normalised cross-correlation coeﬃcient is computed
with a 1024 tap auxiliary ﬁlter. The auxiliary ﬁlter is
adapted toward the echo path in the same way the background ﬁlter of an OTPAF is adapted.
– The echo cancellation ﬁlter is adapted in the same way as
the foreground ﬁlter is adapted in an RTPAF.
– Detection threshold and hangover are set as T ncc = 0.8 and
Υncc = 4.
For all three algorithms, a far-end speech energy detector is also
included to stop the adaptation in the frequency bins where there
is no suﬃcient excitation. This energy detection is done by continuously monitoring the far-end background noise power in each
frequency bin with the fast-slow average method as presented in
[21] and performing update only in those frequency bins where
the instantaneous far-end signal power exceeds 2.5 times the estimated background noise power. The foreground misalignment
and the residual echo power are taken as the indexes of performance.
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Fig. 8. Input signals.

In the experiment, we compare the performance of the three
algorithm in the presence of a near-end speech signal. A speech
segment of 20 001 samples is added to the echo between sample
60 000 and 80 000. The near-end speech signal is scaled so that the
echo to near-end speech energy ratio during DT is 64/49. The misalignment curves are plotted in Fig. 10. The OTPAF falsely copied
the diverged background ﬁlter coeﬃcients to the foreground at
around sample 100 000 and struggled to converge back to the same
level it had before DT occurred. On the other hand, the RSPAF
and the NCC worked on reﬁning the echo path estimate right
after the near-end speech stopped. It is also noticed in the misalignment curves that the NCC made a misclassiﬁcation during DT,
witnessed as a jump in misalignment between sample 60 000 and
80 000, while the RSPAF was almost unaffected by the near-end
speech.
The third example demonstrates the different capability of
tracking abrupt echo path change during DT for the three algorithms. The abrupt echo path change is simulated by displacing
the microphone by 4 cm at sample 90 000. Near-end speech is
added to the echo between sample 80 000 and 100 000 with an

echo to near-end speech energy ratio of 64/49. The misalignment curves in Fig. 11 indicate that the OTPAF completely failed
to track the echo path change due to the divergence of the background ﬁlter during DT. Both the RSPAF and the NCC are capable
of tracking the echo path change, while the tracking of the RSPAF
is faster.
In summary, substantial performance improvement over the
OTPAF is achieved with the proposed RSPAF. When compared with
the recently proposed NCC, the RSPAF delivers comparable performance. Moreover, the RSPAF is advantageous in terms of computational eﬃciency in that it only runs one adaptive ﬁlter at any given
time instance while the NCC needs to employ two ﬁlters.
6.3. Bitwidth analysis
To further exploit the reconﬁgurability of the FPGA, bitwidth
analysis is introduced [16]. Bitwidth analysis can reduce the use
of reconﬁgurable fabric and increase the circuit clock rate while
maintaining the quality of the ﬁlters. Fig. 12 shows the performance which is the output signal without introducing any
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Fig. 9. The performance of the sub-band implementation.

Fig. 10. Performance of the algorithms in the presence of double-talk.

near-end speech in the input. The echo canceller is simulated using the ﬁxed-point library with different fraction sizes and a ﬁxed
integer size equal to 10. It shows that the quality is rather poor
when the fraction size is equal to 10. However, by increasing the
fraction size, the error signal converges quickly and have no significant change once the fraction size exceeds 18. The different ﬁxed
point format will be further assessed below for voice control applications.
Given an echo signal and a mixed signal as shown in Figs. 8(a)
and 8(c) respectively, when the near-end speech is introduced from
sample 100 000 to 160 000, the echo canceller produces a ﬁltered

signal with most of the echo noise eliminated to recover the nearend speech. Figs. 13(a) and 13(b) show the ﬁltered signals produced by the echo canceller using a double precision ﬂoating-point
arithmetic and ﬁxed-point FPGA implementation. Note that the
ﬁrst 20 000 samples is the transient state where the echo canceller
starts to converge. After the ﬁlter coeﬃcients have been trained,
most of the echo noise has been ﬁltered effectively.
In applying the echo canceller for voice control device and to
assess the performance of the different ﬁlter lengths and ﬁxed
point format, one set of voice commands are created to test the
proposed method. The set consists of names of Christmas songs
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Fig. 11. Robustness against tracking of echo path variation occurring during double-talk.

Fig. 12. Performance with different fraction size, where integer size is 10.
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Fig. 13. Results of the robust switching path adaptive ﬁlter.
Table 4
Implementation results of RSPAF algorithm.

Table 5
Speedup for different platform. Input is 21 s voice data sampling at 8 kHz.

Arch.

SW

SW + HW

Platform

Time (s)

Speedup (normalised)

Slices (27 392)
LUTs (27 392)
Block RAMs (136)
MULT18X18s (136)

1779 (6%)
1642 (5%)
32 (23%)
0

10 753 (39%)
8244 (30%)
49 (36%)
48 (35%)

XC2VP30 (PowerPC only)
TMS320C641
XC2VP30 (PowerPC + FPGA)

660
53.2
8

1
12.4
82.5

(jingle bells; santa claus is coming to town; sleigh ride; let it snow;
winter wonderland) typically using in a musicbox. This is a typical
command set with phrases. We denote this set of commands by
Musicbox. The command set is encoded into a commercial speech
recogniser “Sensory’s FluentSoft” for experiments. The range of
signal-to-echo ratio from 0 db to −10 db was tested. We started
with a ﬁlter length N = 1024 to achieve 100% recognition rate for
the chosen command set when signal-to-echo ratio was equal to
−10 db. We then shortened the ﬁlter length in a binary fashion
and found that the ﬁlter length could be shortened to N = 256
still maintaining 100% recognition rate.
6.4. Hardware accelerator
The FPGA-based echo canceller is implemented on the Xilinx
XUP V2P board. The m:st major concern of the echo canceller is
to conﬁrm the real-time operation under severe conditions where
double-talk is followed immediately by an echo path variation. The
wave input samples are stored in the CompactFlash card and be
read into the DDR SDRAM once the system is initialised. After the
data processing is done, the result is written back to the CompactFlash card and be veriﬁed on a desktop PC. The bus clock frequency
on the XUP V2P board is 100 MHz, which is used for both architectures, while the processor frequency is clocked at 300 MHz. The
FPGA-based implementation is then compared with other embedded platform such as pure software implementation and DSP-based
implementations.
The resource usage of all the cores used for implementing the
FPGA-based architecture and pure software architecture on a Xilinx
XC2VP30 FPGA chip are shown in Table 4. The hardware accelerator consumes a considerable amount of resources compared to the
other cores due to the 24-bit FFT implementation.

Estimation has been made to evaluate the performance of the
FPGA-based echo canceller in real-time and compare with other
implementations and the comparisons are shown in Table 5. A 21 s
wave data sampling at 8 kHz is used as the input source. The
FPGA-based implementation takes an average of 8 s to complete
the entire processing. Therefore, the echo canceller can perform
one step of 128 samples echo cancelling in 6.1 ms, or equivalently
21 000 samples per second. The equivalent software implementation is developed based on a MATLAB model and compile to
PowerPC processor, which takes an average of 11 min or 660 s to
ﬁnish the calculations. Therefore, the software performance is 254
samples per second. It shows that with the support of hardware
accelerator, echo canceller can achieve 82.5 times speedup when
compared with the pure software running on a 300 MHz PowerPC.
We have also implemented the echo canceller on a DSP platform for comparison. A DSP platform emulator CCStudio v3.0 is
used in measuring the execution time of the echo canceller. The
emulator can report cycle accurate timing results. A DSP processor
TMS320C6410 [22] is used for the comparison. The DSP processor is clocked at 400 MHz and a 64 MB external SDRAM memory is attached to the processor. We use the same C source code
for PowerPC to implement the echo canceller on the DSP, while
some operations, such as FFT/IFFT and ﬁxed point operations, are
replaced by architecture speciﬁc routine as suggested by the vendor to optimise the execution time. We further assume the data
is stored in SDRAM in advance. The emulation results show that
the DSP platform can process a 21 s wave data in 53.2 s. Although
the DSP platform can achieve 12 times speedup, it cannot deliver
real-time performance.
7. Conclusions
In this paper, an FPGA-based architecture for a novel switching two-path frequency domain echo canceller has been proposed.
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The proposed echo cancellation algorithm is robust against doubletalk situation and is eﬃcient in tracking echo path variation. Unlike
other popular approaches, it does not require the adaptation of
two ﬁlters at the same time even during double-talks. In hardware
implementation, we exploit the reconﬁgurability of FPGA and different techniques have been applied such as bitwidth analysis to
reduce the circuit size while maintaining the quality of the results.
In addition, the algorithm has been proﬁled and the most computation intensive part has been extracted and implemented as
hardware accelerator to speed up the overall computation. A comparison with pure software implementation and DSP-based implementation has been made and the results show that using a hardware accelerator coupled with a PowerPC processor in a co-design
conﬁguration reduces the number of cycles required to perform
the most critical operation by about 90% with a total speedup of
82.5 times. Real-time performance can be achieved on FPGA-based
platform while it is not possible on pure software implementation
and DSP-based implementation.
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