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Abstract
Acoustic Echo Cancellation (AEC) plays a crucial role in
speech communication devices to enable full-duplex com-
munication. AEC algorithms have been studied exten-
sively in the literature. However, device specific details
like microphone or loudspeaker configurations are often
neglected, despite their impact on the echo attenuation
or near-end speech quality. In this work, we propose a
method to investigate different loudspeaker-microphone
configurations with respect to their contribution to the
overall AEC performance. A generic AEC system con-
sisting of an adaptive filter and a Wiener post filter is
used for a fair comparison between different setups. We
propose the near-end-to-residual-echo ratio (NRER) and
the attenuation-of-near-end (AON) as quality measures
for the full-duplex AEC performance.

Introduction
Acoustic echo cancellation is an important part of the
signal enhancement in speech communication devices and
conferencing systems. The ICASSP 2021 Acoustic Echo
Cancellation Challenge demonstrates that AEC is still an
active research area [1] with new approaches, e.g., based
on deep learning techniques and supervised learning al-
gorithms [2].

The purpose of speech communication devices is to pick
up near-end speech signals and reproduce far-end sig-
nals without disturbance. AEC is employed to re-
move echos of the far-end signal in the near-end sig-
nal path [3, 4, 5]. The typical building blocks of AEC
systems are adaptive filters for adaptive identification of
the acoustic echo path, control mechanisms for the step-
size control, and post filters for the residual echo sup-
pression. The popular gradient-based normalized least-
mean-square (NLMS) algorithm, the affine projection al-
gorithm (APA), and the recursive least-squares (RLS)
algorithm are thoroughly described in [6]. The residual
echo suppression is typically based on frequency-selective
post-processing. In principle, the operation of a residual
echo suppression post filter is very similar to that of a
noise suppression filter [5], where the post filter requires
an estimate of the power spectral density (PSD) of the
residual echo signal. AEC has been studied extensively
in the literature, where the research typically considers
the mentioned system components.

However, the objective performance evaluation of AEC
systems is still an open issue, because conventional objec-
tive metrics such as echo return loss (ERL), echo return
loss enhancement (ERLE), and objective speech quality
evaluations like PESQ do not correlate well with subjec-
tive speech quality tests [1]. Moreover, device specific

details like microphone or loudspeaker placement are of-
ten neglected in the system analysis, despite their con-
tribution to the near-end speech quality and the AEC
performance. For instance, the microphone character-
istic impacts the near-end speech quality and the echo
return loss. Common measures like ERL and ERLE can
be used to judge the AEC contribution of different se-
tups, but these measures do not reflect the influence of
the near-end signal.

In this work, we address the influence of the microphone
and loudspeaker setup on the AEC performance. We pro-
pose a method to compare different device configurations
with respect to their overall double talk performance. Us-
ing recordings of echo and near-end signals, we employ
a generic AEC algorithm consisting of an adaptive fil-
ter and an omniscient Wiener post filter [3, 4, 5]. The
near-end signal quality depends on the pickup quality of
the microphone and the degradation by the post filter.
Since the post filter directly depends on power spectral
densities of the near-end and the residual echo, we pro-
pose the near-end-to-residual-echo ratio (NRER) and the
related attenuation-of-near-end (AON) as measures for
the setup evaluation. Experimental results for different
loudspeaker-microphone setups and varying microphone
polar patterns are shown.

In the following sections, the signal model and the no-
tation are described. Furthermore, the reference AEC
system model and the performance measures are intro-
duced. This is followed by a discussion of the experimen-
tal results.

Signal model and notation
For the acoustic echo cancellation (see Figure 1), we con-
sider a linear and time-invariant acoustic system consist-
ing of a loudspeaker, the room and a microphone, which
is modeled by the acoustic transfer function H. The echo
signal D can be written in the frequency domain as

D(κ, ν) = X(κ, ν) ·H(ν) (1)

where κ and ν correspond to the block and frequency
index and X(κ, ν) is the AEC reference signal.

The microphone signal Y (κ, ν) can be expressed as the
superposition of the echo D(κ, ν) and the near-end signal
S(κ, ν) as

Y (κ, ν) = D(κ, ν) + S(κ, ν). (2)

The estimated echo signal D̂(κ, ν) is related to the esti-
mate of the acoustic transfer function Ĥ(κ, ν) by

D̂(κ, ν) = X(κ, ν) · Ĥ(κ, ν) (3)
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and the residual echo R(κ, ν), which remains after the
echo cancellation, depends on the mismatch between
H(ν) and Ĥ(κ, ν)

R(κ, ν) = X(κ, ν) ·
{
H(ν)− Ĥ(κ, ν)

}
. (4)

The output E(κ, ν) of the acoustic echo canceler is de-
scribed as

E(κ, ν) = Y (κ, ν)− D̂(κ, ν) (5)

= R(κ, ν) + S(κ, ν). (6)

The generic AEC algorithm
In order to evaluate different hardware configurations re-
garding their AEC capability, we propose an AEC al-
gorithm as a tool to fulfill this task. The algorith-
mic structure is therefore designed as generically as pos-
sible to allow a fair comparison between different se-
tups. The generic AEC algorithm is depicted in Figure
1. Since most commonly, an AEC algorithm consists of
an adaptive filter for echo cancellation in combination
with a post filter for residual echo suppression, we de-
cided for this combination. For the adaptive filter, we
use a normalized-least-mean-square (NLMS) algorithm
in combination with an omniscient Wiener post filter for
residual echo suppression.

In a typical AEC system, only the signals Y (κ, ν),
X(κ, ν) and E(κ, ν) are available, while all other signals
have to be estimated. We overcome this by recording the
echo and near-end signals separately. This allows us to
have all signals in the AEC structure available for perfor-
mance evaluation. The algorithm is applied in parallel,
which means:

- The NLMS filter is adapted only on the echo signal
using an echo voice activity detection

- The omniscient post filter is calculated based on the
near-end and residual echo PSDs

- The post filter is only applied to the near-end sig-
nal to verify the full duplex capability of the AEC
system

Omniscient Wiener post filter
For the omniscient Wiener post filter, the required near-
end and residual echo PSDs are calculated blockwise as

φS(κ, ν) = γ · φS(κ− 1, ν) + (1− γ) · |S(κ, ν)|2 (7)

φR(κ, ν) = γ · φR(κ− 1, ν) + (1− γ) · |R(κ, ν)|2 (8)

where γ is a recursive smoothing factor. For the post
filter law, the required short time near-end-to-residual-
echo ratio ζ(κ, ν) is calculated as

ζ(κ, ν) =
φS(κ, ν)

φR(κ, ν)
(9)

and the resulting Wiener filter function is obtained by

GWF (κ, ν) =
ζ(κ, ν)

ζ(κ, ν) + µ
=

φS(κ, ν)

φS(κ, ν) + µ · φR(κ, ν)
(10)

where µ is an overestimation factor used to emulate the
behavior of real-world residual echo PSD estimates. The
post filter affected near-end signal S̃(κ, ν) is obtained by

S̃(κ, ν) = GWF (κ, ν) · S(κ, ν). (11)

Note that the Wiener filter law in Eq.(10), and therefore
the spectral degradation of S(κ, ν) in Eq.(11), is closely
related to the ratio of the near-end and the residual echo
PSDs.

AEC performance measures
In the following section, measures to evaluate the AEC
performance are introduced. Since all measures are cal-
culated in the time domain, we use lower case letters
for the time domain representation of the signals instead
of the corresponding upper case letters in the frequency
domain. We assume that all signals have a length of L
samples and k is used as the discrete time index. At first,
the echo related measures are presented

Echo return loss (ERL) [7]:

ERL = 10 · log10

(∑L−1
k=0 x(k)2∑L−1
k=0 d(k)2

)
dB (12)

The echo return loss can be interpreted as an echo cou-
pling factor from the reference to the microphone input.

Echo return loss enhancement (ERLE) [4]:

ERLE = 10 · log10

(∑L−1
k=0 d(k)2∑L−1
k=0 r(k)2

)
dB (13)

The echo return loss enhancement is the contribution of
the acoustic echo canceler to the overall echo reduction.

ACOM:

ACOM = ERL+ ERLE (14)

The ACOM is the overall echo reduction at the output of
the acoustic echo canceler and is calculated as the sum
of ERL and ERLE.

The presented measures only consider the echo signal and
its acoustic properties, but neglect the near-end signal
despite its contribution to the full-duplex performance.
Therefore some new measures are introduced in the fol-
lowing, which explicitly take the near-end signal into ac-
count:

Near-end-to-echo ratio (NER):

NER = 10 · log10

(∑L−1
k=0 s(k)2∑L−1
k=0 d(k)2

)
dB (15)

The NER can be interpreted as the “input SNR” at the
microphone regarding the echo disturbance.

Near-end-to-residual-echo ratio (NRER):

NRER = 10 · log10

(∑L−1
k=0 s(k)2∑L−1
k=0 r(k)2

)
dB (16)
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Figure 1: The proposed generic algorithm block structure for AEC capability verification of different acoustic hardware setups

The NRER can be interpreted as the “output SNR” of
the echo canceler regarding the echo disturbance. Note
that this measure is crucial, since it directly relates to
the full-duplex capability, which depends on the near-
end and the residual echo signals as has already been
shown in Eq.(10) and (11).

Attenuation-of-near-end (AON):
The AON reflects the influence of the adaptive Wiener
post filter on the near-end signal. It is calculated in mel-
bands to acquire a measure for the spectral attenuation
which is related to the human perception

AON = 10 · log10

(
M−1∑
λ=0

φS(λ)

φS̃(λ)

)
dB. (17)

λ denotes the mel-band index and M corresponds to the
highest mel-band. φS and φS̃ are the mel-band PSDs of
the near-end and the post-filter affected near-end signals.
The mel-band PSDs are calculated over all signal frames
that contain double-talk (near-end and echo signals are
present at the same time).

Experimental Results
In the following, the proposed generic AEC structure and
the performance measures are used to examine the AEC
capability of two different experimental setups named as
Scenario 1 and 2. Scenario 1 investigates different dis-
tances between a loudspeaker and a microphone, while
in Scenario 2 the influence of different polar patterns for
the microphone of a speakerphone are investigated. All
measures were performed in a typical office room with
a reverberation time RT60 ≈ 0.5s and an approximately
diffuse sound field. The sampling rate was 16kHz and
the adaptive filter length was set to 512 samples with
the NLMS calculated in the frequency domain. The PSD
smoothing factor was set to γ = 0.95 and the overesti-
mation factor of the post filter was µ = 24. The ITU-T
P.501 signals for AEC performance (single and double
talk files of clause 7.3) are used for near-end and echo
speech. The near-end signal was played back by a Gen-
elec 8040 BMP loudspeaker.

Scenario 1

Scenario 1 is depicted in Figure 2. It is examined how
different distances d between the loudspeaker and a mi-
crophone affect the AEC capability of the setup. Even
if this setup comparison is quite trivial, it can be helpful
to examine the best microphone position, e.g. in a car
environment or a conferencing room, where the location
of the near-end speaker and the loudspeaker are assumed
to be known.

microphone

near end

loudspeaker

distance decho

(1m distance to loudspeaker)

Figure 2: Scenario1 - varying distance between loudspeaker
and microphone

By looking at the results in Table 1, it can be observed
that the ERL increases with increased distance d. Simul-
taneously the ERLE, and therefore the performance of
the acoustic echo canceler, decreases. By looking at the
ACOM, it can be observed that the overall echo reduction
is improved the further the distance d is increased, which
suggests, that for d = 80cm the best AEC performance is
achieved. However, by looking at the measures in Table
2, which take the near-end signal into account, it can be
seen that the best NRER is achieved for a distance of
d = 40cm and the performance gets worse for d = 80cm.
This is also shown by the AON, which highlights that
the near-end signal is least affected by the post filter for
a distance of d = 40cm.

Scenario 2

For Scenario 2, as depicted in Figure 3, it is investigated
which microphone polar pattern is best suited regarding
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Table 1: Scenario1 - AEC performance measures 1

distance
d

ERL ERLE ACOM

5cm 1.09 dB 19.09 dB 20.18 dB

7.5cm 5.98 dB 18.32 dB 24.30 dB

20cm 15.61 dB 14.36 dB 29.97 dB

40cm 18.92 dB 13.45 dB 32.37 dB

80cm 22.84 dB 10.19 dB 33.03 dB

Table 2: Scenario1 - AEC performance measures 2

distance
d

NER NRER AON

5cm -30.86 dB -11.77 dB 13.27 dB

7.5cm -22.24 dB -7.73 dB 9.70 dB

20cm -16.06 dB -1.71 dB 5.76 dB

40cm -13.12 dB 0.33 dB 5.07 dB

80cm -11.42 dB -1.23 dB 5.45 dB

the AEC performance for a speakerphone with a down-
firing loudspeaker in a typical office situation.

near end

echo echo

omni

cardioid

figure eight

Figure 3: Scenario2 - varying microphone polar pattern

As can be observed by the results in Table 3, the ERL
is increased by nearly 6 dB for the cardioid pattern com-
pared with the omnidirectional pattern and by almost 15
dB for the figure eight pattern. However, the ERLE is
the worst for the figure eight pattern. By looking at the
ACOM, it can be observed that the cardioid and figure
eight patterns achieve a similar echo reduction perfor-
mance. However, by taking the near-end signal into ac-
count, it can be observed from Table 4, that the NRER,
and therefore the full-duplex capability, is the highest for
the figure eight polar pattern. This can also be observed
from the AON, which shows that the figure eight pattern
achieves the least spectral degradation of the near-end
signal in the generic AEC algorithm.

Conclusions
In this work, a method that allows a fair comparison
regarding the AEC capability of different hardware con-
figurations was presented. By using a generic AEC algo-
rithm structure that allows access to all necessary signals,
the required AEC performance measures can be calcu-
lated. Besides the well-known values ERL, ERLE, and

Table 3: Scenario2 - AEC performance measures 1

polar
pattern

ERL ERLE ACOM

omni
directional

10.35 dB 21.17 dB 31.52 dB

cardioid 16.07 dB 20.47 dB 36.54 dB

figure eight 25.02 dB 11.48 dB 36.50 dB

Table 4: Scenario2 - AEC performance measures 2

polar
pattern

NER NRER AON

omni
directional

-31.10 dB -9.94 dB 9.92 dB

cardioid -27.36 dB -6.89 dB 8.02 dB

figure eight -17.26 dB -5.78 dB 6.96 dB

ACOM, the new performance measures NER, NRER,
and AON are introduced. These values take the near-
end energy into account. Experimental results for specific
hardware configurations and acoustic scenarios show that
the echo-dependent performance measures ERL, ERLE,
and ACOM are not sufficient for full-duplex AEC per-
formance evaluation. It is demonstrated that the NRER
and AON are more suited since they are directly related
to the speech degradation of the near end by the post-
filtering during double talk periods. Therefore, the new
measures offer a more accurate perspective on the full-
duplex AEC performance.
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