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Intrusive audio quality models typically compare “internal representations” of a reference
and a test signal. These models are often optimized for the prediction of small signal degra-
dations, where the test and reference signals are still highly correlated (waveform preserving
distortions). However, differences between uncorrelated signals like two Gaussian-noise tokens
or, for example, more complex, realistic signals in spatial audio reproduction schemes, that
show only partial correlation (non–waveform preserving distortions) are not necessarily easy
to distinguish by listeners. Despite this, current audio quality models typically predict large
perceptual differences between such signals. Here, the decision back-end of a reference-based
audio quality model was modified to account for this overestimation of signal quality differ-
ences. The suggested modifications were intended to effectively mimic short-term memory
limitations by analyzing similarities in the differences between the internal representations of
reference and test signals across time frames, auditory channels, and modulation channels.
The modified model was evaluated with data based on different audio reproduction and room
simulation methods and was compared to other state-of-the-art audio quality models. Results
support the need for modifications of state-of-the-art audio quality models to accurately predict
the perceptual effects of non–waveform preserving distortions.

0 INTRODUCTION

Subjective assessment of audio quality is often conducted
using pairwise comparisons of a reference signal and one
or more test signals. Two example methods are the Inter-
national Telecommunication Union recommendations [1]
and [2] [MUlti Stimulus test with Hidden Reference and
Anchor (MUSHRA)], recommended for the “assessment
of small impairments in audio systems” and “assessment of
intermediate quality level of audio systems,” respectively.
Test signals, including a hidden reference and anchor, are
compared to a reference, and listeners can switch freely
between them as often as they like. It is possible to repeat
the signals in loops with a minimum duration of 500 ms.

Similar to such a perceptual procedure, intrusive audio
quality models also compare a test and reference signal.
State-of-the-art audio quality models (e.g., [3–8]) often ex-
ploit auditory models or processing stages to compute in-
ternal representations of the audio signals, meant to reflect
the relevant perceptual cues. The internal representations
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of the reference signal and test signal are compared using
a distance or correlation measure, typically considering all
details of the internal representation (e.g., on a sample-by-
sample basis). This assumes accurate short-term memory of
the listeners. However, the signals are typically presented to
the listeners successively, so that the listeners need to store
the signal information in memory to perform the compari-
son. It is unlikely that listeners are able to store and access
each “sample” of the internal representation in an optimal
way, as often assumed in the models.

Accordingly, perceptually motivated audio processing
technologies take advantage of the inability of listeners to
perceive every detail of an audio signal. The processed sig-
nals are often non–waveform preserving. For example, the
spectral band replication technology [9] used for low bit-
rate coding reconstructs the high-frequency components of
an audio signal mainly by replicating low-frequency com-
ponents. Listening tests showed very high audio quality of
spectral band replication–encoded signals. However, a de-
tailed comparison of the original and encoded signals would
reveal substantial differences. Another example technology
is the spatial decomposition method [10], which is used to
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encode spatial room impulse responses based on acquisi-
tion via microphone arrays. The method computes a pres-
sure value and spatial location for each sample of the room
impulse response. The spatial location is determined by the
average spatial location of the arriving sounds at a given
time, leading to clear deviations from the original room
impulse response. However, perceptual evaluation of the
method shows that it is very difficult for listeners to dis-
tinguish between signals convolved with the original room
impulse response and with the encoded room impulse re-
sponse.

Goossens et al. [11] investigated the ability to discrimi-
nate Gaussian-noise tokens from one another and random
tone-burst complexes from one another. The experiments
showed a decreased ability to discriminate Gaussian-noise
tokens with increasing duration above 40 ms. The authors
concluded that the higher amount of information in a signal
with longer duration combined with limitations inherent to
the auditory short-term memory are responsible for the de-
crease in discrimination performance. The access to a small
segment of the signals seems to be impossible—a signal is
rather perceived and stored in the form of auditory objects.

Wallaert et al. [12] accounted for amplitude modulation
detection thresholds for low amplitude modulation rates and
stimulus durations above 1–2 s by modeling limitations of
auditory short-term memory. It appears plausible that for
complex natural signals such as those involving multiple
sound sources, reverberation, or extended durations, similar
processing limitations come into play when differences are
perceptually rated. This hypothesis is supported by the re-
sults of Brinkmann et al. [13]. In their study, the authenticity
of individual dynamic binaural synthesis was subjectively
rated highest (fewest differences detected) for reverberant
conditions and rated lowest for anechoic conditions.

Based on this evidence, intrusive audio quality models
that compare (internal representations of) reference and test
signals in a detailed way with “perfect memory” are likely to
overestimate perceived differences between specific, com-
plex scenario signals that are non–waveform preserving.
Although the capabilities of short-term auditory memory
seem to be limited, based on the work presented above,
several studies (e.g., [14–16]) showed high short-term au-
ditory memory performance: These studies indicate that hu-
mans can learn random temporal sequences if the sequences
are repeated. However, this task differs from typical audio
quality assessments, where two signals are compared and
differences are rated.

Recently, Delgado and Herre [17] proposed a method for
predicting the effects of non–waveform preserving distor-
tions on audio quality perception by weighting the model
output values of the Perceptual Evaluation of Audio Qual-
ity (PEAQ) method [3, 18] with the outputs of a cognitive
salience model that included aspects of the nature of the sig-
nals (e.g., probability of speech). Delgado and Herre [17]
trained and evaluated their method with signals subjected
to audio coding distortions.

In the current study, it was investigated whether state-
of-the-art audio quality models that employ the internal
representation comparison approach are able to predict the

quality of signals with complex, non–waveform preserv-
ing properties [e.g., when comparing reverberant signals
based on measured and simulated binaural room impulse
responses (BRIRs)]. Modifications to the monaural gener-
alized power spectrum model for quality (GPSMq) [8] back-
end were introduced to restrict the precision of the compar-
ison of the extracted auditory features based on spectro-
temporal signal properties. Such restrictions are purely
based on the analysis of features provided by GPSMq. This
is different from the approach of Delgado and Herre [17],
where not all metrics of the cognitive salience model are
based on model features. Instead, in their approach, the
probability of speech is directly estimated from the refer-
ence signal by using a speech-music classifier.

The hypothesis underlying the approach suggested in the
current study is that a consistent difference between the
auditory features of the reference and test signals (i.e., a
difference that is similar over time or across frequencies)
increases discrimination ability. A simple example of a dif-
ference with such spectro-temporal similarities would be a
time-invariant boost of high frequencies, whereas replacing
a measured room impulse response with a similar simulated
one might introduce time-varying and inconsistent “noise-
like” differences across frequencies.

Further modifications to GPSMq were introduced: The
“dual monaural” approach for GPSMq [19] to reduce the
sensitivity to binaural distortions was replaced with a pro-
cessing stage that combines the binaural input signals
earlier, so that GPSMq mainly captures monaural distor-
tions. This aspect is particularly important when combining
monaural and binaural models for predicting overall qual-
ity. The suggested approach was evaluated and compared
to four state-of-the-art quality models: PEAQ [3, 18], the
perception model of quality assessment (PEMO-Q) [5], the
audio quality model of Moore et al. [4], and GPSMq [8],
using spatial audio quality data. Given that the extension
of Delgado and Herre [17] was not publicly available, only
PEAQ without the extension was used in this study. To
enable a fair comparison between the four monaural com-
parison models, none of them included a processing scheme
to reduce their sensitivity to binaural distortions.

First, all models were calibrated with the data contain-
ing monaural quality degradations from Fleßner et al. [19].
The models were then applied to the spatial audio qual-
ity data of Grosse and van de Par [20] and Wendt [21].
Grosse and van de Par [20] subjectively compared their ap-
proach of a room recording and playback simulation with
several other rendering methods, such as a conventional
stereo setup or a multichannel setup. The signals contained
different amounts of reverberation, and the subjective rat-
ings included cases with only small perceived differences,
although the waveform of the reference had not been pre-
served. Wendt [21] simulated three rooms with different
methods, and the overall difference from the measured room
was subjectively assessed. The waveforms of the measured
and synthesized room signals differed considerably. It was
further investigated how the monaural quality models pre-
dict the perceptual difference of two uncorrelated white
noises and the difference between signals with interaural
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time differences (ITDs) but without monaurally percepti-
ble differences.

Aiming at the ultimate goal of a combined monaural and
binaural audio quality, a binaural extension for the sug-
gested monaural GPSMq is also proposed. The binaural
extension is based on the binaural auditory model for audio
quality (BAM-Q) [7], adequately adapted to incorporate the
modifications introduced here to the monaural model com-
ponent. The same concepts applied in the modified GPSMq

were used in the suggested binaural extension. The com-
bined approach was evaluated and compared to [19] and
to a straightforward combination of the modified GPSMq

proposed here with the original binaural stage of [7], us-
ing the same spatial audio quality databases as used for the
monaural quality models.

1 MODEL DESCRIPTION

First, a modified version of the monaural audio qual-
ity model GPSMq [8] is described. The description focuses
on the suggested back-end modifications. MATLAB imple-
mentations of GPSMq and the suggested model are publicly
available.1 Finally, comparison models from the literature
are briefly described.

1.1 GPSMq

The monaural GPSMq is based on the GPSM [22–23],
which combines the power spectrum model [24–25] and en-
velope power spectrum model [26]. The combined model
was shown to account for the results of various monau-
ral psychoacoustic and speech intelligibility experiments.
GPSMq typically uses monaural reference and test signals
as input. In this study, the left and right ear signals for bin-
aural inputs were independently processed by GPSMq (i.e.,
model features were separately calculated for the left and
right ear signals; see Fig. 1).

First, a fourth-order gammatone filterbank [27–28] fil-
ters the input signal for each ear. The filterbank consists of
17 third-octave spaced filters with center frequencies from
315 Hz to 12.5 kHz and a width of one equivalent rectangu-
lar bandwidth (ERBN) [29]. The third-octave filter spacing
was chosen because of a slightly lower computational cost
than the ERB-spacing, without presenting a significant per-
formance disadvantage, as tested in [8]. The choice of 315
Hz as the center frequency of the lowest auditory channel is
discussed in SEC. 5.4. The filter outputs are used to derive
the Hilbert envelope E. Given that the left and right chan-
nels are processed separately, interaural level differences
(ILDs) in the reference and test signals potentially interfere
with monaural quality predictions.

Thus, in the next stage, compensation of long-term ILDs
in each auditory channel is performed to reduce the ILD
sensitivity of the monaural GPSMq, following the concept

MATLAB implementations of GPSMq and the sug-
gested model can be found at www.faame4u.com. The
suggested model can be downloaded from Zenodo:
https://doi.org/10.5281/zenodo.17201035.

Fig. 1. Block diagram of the front-end of the monaural quality
model. The right path shows the power processing, whereas the
envelope power processing is shown in the left path. In contrast
to [8], the input of the model is binaural and all depicted stages
exist for the left and right ears. The model includes an ILD com-
pensation processing stage to reduce the ILD sensitivity. Finally,
the back-end combines the power and envelope power SNRs of
the left and right ears.

in [19], so that the GPSMq mainly captures monaural dis-
tortions. For this, the levels of test and reference signals in
each left and right auditory channel are compared. The sig-
nal with the lower level is then adjusted to match the larger
level (either test or reference) in each left and right audi-
tory channel, resulting in the same long-term ILD for the
adjusted test and reference signals. The ILD-compensated
Hilbert envelopes Ecomp are low-pass filtered at 150 Hz. The
power SNRs (DC path; right path in Fig. 1) and envelope
power SNRs (left path in Fig. 1) are derived from these
outputs Elp.

The first step of the DC path is the calculation of the local
DC power PDC, j (p) in 12.7-ms frames (in contrast to 375-
ms frames in [8]), where Ēlp, j (p) refers to the mean value
calculated from the samples within the 12.7- ms frame. The
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frame length of 12.7 ms was empirically determined from
results of the synthetic stimuli experiment (see SEC. 2.2.1).
Rectangular windows j (with 33.3 % overlap) are used in
each channel p:

PDC, j (p) =
[
Elp,j (p)

]2

2
. (1)

The hearing threshold [30] is applied by setting local
DC power values below threshold to the threshold value.
The power SNRs are calculated from the local DC power
for the increment and decrement (reflecting cases where
the test signal has more and less power than the reference
signal, respectively). For the left channel:

SNRDC,left,inc, j (p) = PDC,left,test, j (p) − PDC,left,ref, j (p)

PDC,left,ref, j (p)
,

(2)

SNRDC,left,dec, j (p) = PDC,left,ref, j (p) − PDC,left,test, j (p)

PDC,left,test, j (p)
.

(3)

The same processing steps are applied to the right chan-
nel. The SNR values are limited by an empirically deter-
mined range with a lower and upper bound of 0 and 20
(∼13 dB), which provided the best choice in terms of audio
quality predictions, as described in [8]. Thus, increments
and decrements span a dynamic range of 26 dB, which is
similar to typical values utilized in speech intelligibility
models (e.g., ESII) [31].

The envelope path (left path in Fig. 1) starts with a mod-
ulation filterbank comprising band-pass filters with center
frequencies from 2 to 128 Hz (in contrast to 64 Hz in [8])
and a Q-value of 1. A modulation channel is disregarded
if its center frequency is higher than one-fourth of the cen-
ter frequency of the corresponding auditory filter [32]. The
modulation filter outputs e are used to calculate the local en-
velope power (normalized by the local DC power) in each
auditory channel p, modulation channel n, and temporal
frame i:

Penv,i (p, n) = 1[
Elp,i (p, n)

]2
/2

[ei (p, n, t) − ei (p, n)]2.

(4)

The length of each temporal frame i is determined by the
inverse of the corresponding modulation filter center fre-
quency (e.g., a modulation filter with center frequency of 8
Hz has a frame length of 125 ms). The hearing threshold is
applied by setting the local envelope power to the envelope
power limit (–30 dB) if the local DC power is below the
hearing threshold. The envelope power SNRs are calculated
from the local envelope power for the increment and decre-
ment and for the left and right channels in the same way as
for the power SNRs, Eqs. (2) and (3). The dynamic range
of the SNR values is limited by applying the same interval
as for the power SNRs, ranging from 0 to 20 as suggested
in [8]. A linear weighting (from 0 to 1) of local envelope
power SNRs is applied for auditory channels with local DC
power between 0 and 35 dB. This lowers the contribution

of envelope power SNRs for levels below 35 dB (e.g., in an
auditory channel with local DC power of 17.5 dB, the local
envelope power SNRs are multiplied by a weighting factor
of 0.5).

The back-end used here is significantly different to that
described in [8], as it is aimed at effectively mimick-
ing short-term memory limitations by analyzing spectro-
temporal regularities in the differences between the internal
representations of reference and test signals. The suggested
back-end modifications are not directly based on perceptual
or physiological processes but represent a functional simu-
lation of the effects of limited auditory short-term memory.

First, to reduce the two monaural paths to one path, the
(power and envelope power) SNRs are averaged across the
left and right channels in each time frame (in contrast to
the “dual monaural” approach in [19] where the quality
measures for the left and right channels were averaged).
Consequently, the similarity analysis does not need to be
calculated separately for the left and right channels. Such
averaging of the SNRs for the left and right ears assumes
that the auditory images of the left and right ears are com-
bined into one auditory image. For the DC path, the differ-
ences between the increment and decrement power SNRs
are calculated to provide a joint representation of incre-
ments and decrements for each time frame j over which a
running average is calculated using 250-ms temporal win-
dows tw (the window length corresponds to L = 32 SNR
frames). Hereby, the 250-ms windows lead to a temporal
smoothing of distortion statistics. The window duration has
been empirically adjusted to account for the decreased abil-
ity of listeners to discriminate longer Gaussian-noise tokens
(e.g., [11]) using the synthetic stimuli (see SEC. 2.2.1):

�SNRDC,tw (p)

= 1

L

L−1∑
l=0

(
SNRDC,inc, j+l (p) − SNRDC,dec, j+l (p)

)
. (5)

Then a correlation matrix based on the averaged SNR
values is calculated to estimate the consistency of the power
SNRs:

CDC =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

ρ12 ρ13 ρ14 . . . ρ1W

ρ21 ρ23 ρ24 . . . ρ2W

ρ31 ρ32 ρ34 . . . ρ3W

ρ41 ρ42 ρ43
. . .

...
...

...
...

. . . ρ(W−1)W

ρW 1 ρW 2 ρW 3 . . . ρW (W−1)

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

(6)

with the entries being Pearson correlation coefficients:

ρxy=
1

M − 1

M∑
p=1

(
X p − μx

σX

) (
Yp − μY

σY

)
. (7)

The correlation coefficients ρxy are calculated be-
tween �SNRDC,tw(p) in different time windows tw
[X p = �SNRDC,tw=x (p), Yp = �SNRDC,tw=y(p)]. The
correlation matrix CDC consists of correlations across audi-
tory channels for different combinations of time windows
(x = 1...W, y = 1...W). It provides an estimate of the sim-
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Fig. 2. (a)–(c) are intended to visualize the dependence of the
weightings wDC and wenv on spectro-temporal regularities in the
SNR patterns. The x-axis and y-axis represent time and frequency,
whereas white and black colors represent higher and lower sound
levels, respectively. Spectral modulations (i.e., variations in level
of a sound across the frequency spectrum), as shown in (a), re-
sult in high wDC but rather low wenv values, while SNR patterns
with temporal modulations (i.e., variations in level of a sound
over time), as shown in (b), result in high wenv but rather low
wDC values. Irregular SNR patterns, as occur for two independent
Gaussian-noise tokens, are shown in (c) and lead to low wDC and
wenv values. The higher weighting for SNR patterns with spectro-
temporal regularities effectively increases the sensitivity to signal
distortions.

ilarity of the SNR patterns [i.e., regularities in the spectral
envelope differences as shown in Fig. 2(a)] in all time win-
dows. Negative correlations (ρxy < 0) are set to zero to
avoid cancelation of negative and positive values in the av-
eraging process, which would distort the result. A weighting
factor wDC is computed by averaging the correlation matrix
CDC across the two dimensions. Hence, the weighting de-
creases if the power SNR pattern (across auditory channels)
changes over time (i.e., if there are temporal irregularities
in the spectral envelope). The final DC path computation
step is

�SNRDC =
⎛
⎝ 1

M

M∑
p=1

√√√√ W∑
tw=1

�SNR2
DC,tw (p)

⎞
⎠ · wα

DC . (8)

The exponent α is a free parameter.

Likewise, the difference between the increment and
decrement is calculated for the envelope SNRs:

�SNRenv,i (p, n) = SNRenv,inc,i (p, n)

−SNRenv,dec,i (p, n) . (9)

For the calculation of the modulation-based consistency
weighting measure, �SNRenv,i (p, n) is summed over fre-
quency channels and modulation channels, respectively:

�SNRenv,FreqSum,i (n) =
M∑

p=1

�SNRenv,i (p, n) (10)

�SNRenv,ModSum,i (p) =
N∑

n=1

�SNRenv,i (p, n) . (11)

Similar to the computation of the correlation matrix CDC,
a correlation matrix is built for �SNRenv,FreqSum,i (n) and for
�SNRenv,ModSum,i (p). In contrast to the power SNR case,
the correlation coefficients ρxy are calculated between time
windows in either different auditory or different modula-
tion channels. Thus, the correlation matrices Cenv,Freq and
Cenv,Mod estimate the similarity of the temporal evolution
across auditory and modulation channels, respectively. Ac-
cordingly, for comodulated SNR patterns, as shown in Fig.
2(b), elements of the correlation matrix have high values.
A consistency weighting wenv is then calculated by aver-
aging the two correlation matrices Cenv,Freq and Cenv,Mod

separately and averaging the two resulting average consis-
tency measures. Hence, the weighting wenv decreases if the
temporal evolution of the envelope SNRs changes across
auditory or modulation frequency. A visualization of the
relationship between wDC and wenv and their sensitivity to
different specto-temporal regularities in the SNR pattern is
provided in Fig. 2.

The final envelope path computation step is

�SNRenv =
(

1

I

I∑
i=1

N∑
n=1

∣∣�SNRenv,FreqSum,i (n)
∣∣) · wβ

env.

(12)

The values of the free parameters α = 2 in Eq. (8) and
β = 3 in Eq. (12) were empirically determined with the
monaural calibration database and a subset of the room-in-
room database (see SEC. 2.2.2). The objective perceptual
measure OPM� combines the power path and envelope
power path:

OPM� = 10log10 (�SNRDC + �SNRenv) . (13)

The OPM� is transformed by linear regression to a
MUSHRA [2] scale using the monaural calibration database
described in SEC. 3:

OPM∗
� = −3.23 · OPM� + 69.84. (14)

1.2 Comparison Models
Four comparison models, partly publicly available, were

applied. The first comparison model, PEAQ [3, 18] is rec-
ommended by the International Telecommunication Union
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for most audio signal processing with a focus on low bit-
rate coded audio signals. PEAQ (basic version) is a com-
bination of several (Fast Fourier Transform–based) models
and computes several intermediate “submeasures” based
on masking thresholds and comparison of internal repre-
sentations, respectively. PEAQ submeasures include partial
noise loudness, amount of linear distortion, relative fre-
quency of audible distortion, changes in temporal enve-
lope, noise detection probability, noise-to-mask ratio, and
harmonic structure in the error signal. The submeasures
are combined by an artificial neural network to produce a
quality estimate.

The second comparison model is the audio quality model
of Moore et al. [4]. It combines a model for linear distortion
[33] and a model for nonlinear distortion [34]. The model
for linear distortion computes long-term excitation patterns
of the reference and test signals and compares them by com-
putation of first-order and second-order differences. The
differences are weighted depending on the ERB number
[28]. The overall weighted excitation-pattern difference D
is calculated by combining the first-order and second-order
differences using a weighted sum of the standard deviation
of the first-order and second-order differences. A transfor-
mation to linearize the relationship between D and subjec-
tive ratings is also included. The model for nonlinear distor-
tion processes reference and test signals by an outer/middle
ear filter and a gammatone filterbank. Short-term (30-ms
frames) cross-correlations are computed between the out-
puts of the gammatone filterbank for the reference and test
signals for lags from –10 to 10 ms. The maximum of the
short-term cross-correlations is determined, and a power
weighting is applied. The values are summed across filters
and then averaged across frames to obtain Rnonlin, which is
also transformed to linearize its relationship to subjective
data.

The third comparison model, PEMO-Q [5], is based
on the PEMO [35–37], which successfully accounts for
psychoacoustic masking in various conditions. The pro-
cessing stages in PEMO include a gammatone filterbank,
hair-cell transduction, adaptation, and a modulation filter-
bank. The internal representations computed by PEMO are
used in the PEMO-Q back-end to calculate the percep-
tual similarity measure (PSM). PSM is calculated by the
power-weighted linear cross-correlation between the inter-
nal representations of the reference and of the test signal.
Besides PSM, PEMO-Q computes two other quality mea-
sures, which were not used in this study as they showed
lower correlations with the monaural calibration database
described in SEC. 3.

Finally, GPSMq [8] without the modifications described
above was used as a comparison model. It should be men-
tioned that GPSMq with dual-monaural approach [19] to
reduce the influence of ILD differences in the reference
and test signals on predicted monaural distortions was also
tested for the databases considered in this study. Given
that its prediction performance was very similar to that of
GPSMq [8], it was decided to only report results of the
original model [8], referred to as GPSMq (2018) in the
following.

For all of the four comparison models, audio quality was
calculated individually for the left and right ear channels of
the binaural signals. The final quality measure was obtained
by averaging the quality predictions across ears.

To increase the comparability of the different models,
the outputs of the models were fitted to the subjective data
of the monaural calibration database (see SEC. 3). For the
calibration of PEAQ, PEMO-Q, and GPSMq (2018) the best
results were obtained with linear regression. The model of
Moore et al. [4] was calibrated with the procedure described
in [4] and [8]. The “calibrated” models are denoted PEAQ*,
Moore et al.*, PEMO-Q*, and GPSMq* (2018).

2 DATABASES

2.1 Calibration Database
In Fleßner et al. [19], a database with monaural, binaural,

and combined manipulations was generated to investigate
the relation between monaural and binaural aspects of au-
dio quality. The monaural subset of this database was used
in this study. The monaural manipulations were separated
into linear distortions, nonlinear distortions, and their com-
bination and were inspired by Moore et al. [4]. The linear
distortions were generated by spectral ripples through sinu-
soidal modulation of the spectral envelope, and the nonlin-
ear distortions were generated by raising the absolute value
of the instantaneous amplitude of the broad-band time sig-
nal to a power (for details, see [19]). Additionally, anchor
signals were generated by low-pass–filtering the reference
signal (cut-off frequencies 3.5 and 7 kHz). The source sig-
nals included female speech, guitar, a pop song, and pink
noise.

The subjective quality ratings were performed by
16 normal-hearing listeners with a method similar to
MUSHRA [2]. The listeners could listen as long as they
liked to the samples (duration: 10 s), switch between them
seamlessly, and select loops (minimum loop duration: 1 s).
This database is referred to here as the “monaural calibra-
tion database”.

2.2 Evaluation Databases
2.2.1 Synthetic Signals

Signals with monaurally nearly indistinguishable differ-
ences (when listening to their full duration) between ref-
erence and test were used to assess the model predictions.
One signal was uncorrelated white noise for the reference
and test, each with a duration of 3 s. Goossens et al. [11]
showed decreasing discriminability of Gaussian-noise to-
kens with increasing noise duration. Best discriminability
was reported for durations between 16.1 and 102.4 ms. The
longest duration tested was 409.6 ms, and it was very dif-
ficult for the listeners to discriminate these noise tokens.
It was therefore assumed that noise signals with a duration
of 3 s, as used here, would be very difficult to discrimi-
nate, thus resulting in high subjective audio quality scores.
Another test signal was binaurally, but not monaurally, dis-
tinguishable [7] from the reference signal, referred to as
“alternating ITD” in the following. It was generated by
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introducing alternating ITDs (±400 μs in every second
third-octave frequency band, with a smooth transition in
the intermediate bands) to the source signals. The 3-s–long
source signals included speech, pop music, pink noise, and
guitar music.

2.2.2 Spatial Audio
Grosse and van de Par [20] suggested a method to repro-

duce recordings made in one room in a different playback
room without changing the impression of the original sound
source and room acoustics. The method employs two front
loudspeakers and two dipole loudspeakers for the diffuse
sound field in the playback room and was subjectively com-
pared with a conventional stereo method, a surround method
(4.0), and rendering of the source signals directly into the
playback room without any room-influence of the record-
ing room. The source signals were 12 anechoic recordings,
including female speech, violin, guitar, clarinet, piano, sax-
ophone, snare drum, trumpet, and a Beethoven piece. The
sample duration was between 5 and 10 s.

Two recording rooms and two playback rooms were
used for evaluation. The recording rooms had reverbera-
tion times of T60,rec1 = 699 ms and T60,rec2 = 3040
ms, and the playback rooms had reverberation times of
T60,play1 = 371 ms and T60,play2 = 697 ms. The sig-
nals were assessed by 12 normal-hearing listeners with a
method similar to MUSHRA [2]. The listening test was con-
ducted with headphones, using BRIRs from the recording
and playback rooms to obtain binaural signals. The record-
ing room signals served as the reference, and the various
reproduction methods generated the test signals. Addition-
ally, an anchor signal was generated by low-pass filtering
(3.5 kHz) of the reference signal. The listeners could listen
as long as they liked to the samples. The samples started
from the beginning when switching between them, and the
listeners could not select loops. Therefore, only the first 3
s of the samples were used in the current study, since the
listeners most likely used the initial seconds of the signals
to form their assessment because of brief auditory stor-
age [38]. This database is referred to as the “room-in-room
database.”

Wendt [21] subjectively evaluated the perceptually plau-
sible room acoustics simulator [39, 40] using three choices
of feedback-delay-network optimizations for the simula-
tion of late reverberation. Signals convolved with measured
BRIRs were compared to signals convolved with the syn-
thesized BRIRs and presented over headphones. The mea-
sured BRIRs were obtained in three rooms with reverber-
ation times of about 0.3, 2.5, and 4.7 s. The source sig-
nals were speech and a bass guitar. Eight normal-hearing
listeners participated in the experiment. The task was to
rate perceived differences between measured and synthe-
sized rooms. Several attributes taken from the Spatial Audio
Quality Inventory [41] were assessed, with the overall dif-
ference rating being of interest for this study. As for the
data of [20], the first 3 s of the signals were used for the
model evaluations. This database is referred to as “room
simulation database.”

Fig. 3. Predictions of three (comparison) monaural quality models
and the here-suggested model (lower right panel) for the monaural
calibration database. Signals “Low” and “Mid” were low-pass–
filtered anchor signals, “Linear” and “Non-linear” refer to the
respective signal manipulations. The “Mix” signals had combina-
tions of “Linear” and “Non-linear.” The results (rpear = 0.86) for
the comparison model GPSMq* (2018) are not shown here but
were included in [19].

Both, the room-in-room database and room simulation
database mainly included processed signals without pre-
served waveforms. A subset of the room-in-room database
was used to determine the exponents of the reliability
weightings of GPSMq*, as described in SEC. 1. The subset
included the signals of the recording room with the re-
verberation time of T60,rec1 = 699 ms in combination
with the playback room with the reverberation time of
T60,play1 = 371 ms.

3 QUALITY PREDICTIONS

First, the audio quality predictions are shown for the
monaural calibration database, which can be thought of as
the baseline. Second, the predictions for the synthetic test
data and the room-in-room and room simulation datasets
are compared.

3.1 Calibration Data
The audio quality predictions for the monaural calibra-

tion database are shown in Fig. 3. The signals “Low” and
“Mid” were low-pass–filtered anchor signals. Signals “Lin-
ear” and “Non-linear” contained linear and nonlinear dif-
ferences, respectively, and “Mix” contained combinations
of “Linear” and “Non-linear.” Prediction performance is
characterized by the Pearson linear correlation coefficient
rpear and the Spearman rank correlation coefficient rrank be-
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Table 1. Comparison of the monaural model outputs (on a rating scale where 100 denotes “no difference” and 0 denotes
“big difference”) for signals with monaurally, perceptually nearly indistinguishable differences between reference and

test signal. The outputs are averaged across four alternating ITD signals.

Models

Signals PEMO-Q* PEAQ* Moore et al.* GPSMq* (2018) GPSMq*

White noise 0 32 34 33 100
Alternating ITD 51 66 43 74 100

tween subjective and objective quality scores. The highest
correlation was found for the here-suggested GPSMq*, with
rpear = 0.88 compared to rpear = 0.86 for GPSMq* (2018),
as shown in [19]. A Hotelling-Williams Test [42] did not
show a significant difference between the prediction per-
formances of GPSMq* and GPSMq* (2018). PEMO-Q*
and Moore et al.* also achieved good prediction perfor-
mance indicated by rpear = 0.85 and rpear = 0.84, respec-
tively. PEAQ* showed moderate prediction performance
(rpear = 0.51).

3.2 Synthetic Test Data
Table 1 shows the objective scores of the monaural mod-

els for the uncorrelated white noise and the alternating ITD
signals. The scores for the ITD signals are averaged across
the four signals. For both signals, the here-suggested, mod-
ified GPSMq* predicted quality scores of 100, implying no
perceptual (monaural) differences between reference and
test signals. The Moore et al.* model, PEMO-Q*, PEAQ*,
and GPSMq* (2018) predicted lower quality scores. An
informal listening test showed very high subjective rating
scores, close to 100.

3.3 Spatial Audio
The results of the audio quality predictions for the room-

in-room database are shown in Fig. 4. The PEMO-Q*
and PEAQ* predictions were negatively correlated with
the subjective scores. This is because, in contrast to the
listeners’ poor ratings for the anchor signals, both mod-
els predicted higher ratings for the anchor signals than for
the other signals. The prediction performance of Moore et
al.* was rather poor, as indicated by rpear = 0.33, whereas
GPSMq* (2018) showed a somewhat better but still weak
performance (rpear = 0.71). As shown in Fig. 4, the quality
of signals that received high subjective ratings was con-
sistently underestimated by Moore et al.* and GPSMq*
(2018). Overall, the GPSMq* predictions agreed well with
subjective quality scores (rpear = 0.88). This suggests a
dominance of monaural quality differences like timbre or
coloration. The results for the room simulation database
(Fig. 5) resemble the results for the room-in-room database.
The comparison models overestimated the signal differ-
ences for signals with subjective ratings near the top of
the subjective rating scale. The predictions of the here-
suggested GPSMq* showed the highest correlation with
subjective data (rpear = 0.96).

Fig. 4. Audio quality predictions of the comparison models
PEMO-Q*, PEAQ*, Moore et al.*, GPSMq* (2018), and the here-
suggested GPSMq* for the room-in-room database.

4 BINAURAL EXTENSION

For the assessment of monaural and binaural aspects of
audio quality, an overall quality measure as proposed in
[19], combining GPSMq and BAM-Q outputs, is highly de-
sirable. Toward such a combined model, the combination
of the revised monaural and binaural parts potentially re-
quires recalibration, and the binaural part requires changes
determined by the modified monaural part.
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Fig. 5. Audio quality predictions of the comparison models
PEMO-Q*, PEAQ*, Moore et al.*, GPSMq* (2018), and the here-
suggested GPSMq* for the room simulation database.

4.1 Model Description
The BAM-Q is based on the binaural psychoacoustic

model front-end of Dietz et al. [43], from which the sub-
measures ILD, ITD, and interaural vector strength were
calculated. In the suggested modified BAM-Q, the concept
of the consistency weighting stage, intended to effectively
mimic short-term memory limitations by analyzing similar-
ities in the differences between the internal representations
of reference and test signals, as introduced in SEC. 1.1 for
the GPSMq*, was also applied to each of the three binaural
submeasures. The outcomes for the submeasures were then
combined by a nonlinear regression method providing the
final output measure binQ*. A detailed description of the
modified BAM-Q (BAM-Q*) and its calibration procedure
are provided in the supplementary material.

Following [19], GPSMq* and BAM-Q* outputs were
combined using a minimum-based function,

Qoverall = min
(
0.55 · OPM�, 0.53 · binQ

)
, (15)

where OPM� and binQ are the transformed outputs of the
suggested, modified GPSMq* and BAM-Q*, respectively.

4.2 Quality Predictions
The prediction performance of the proposed overall au-

dio quality model GPSMq* & BAM-Q* was compared to
that of the original GPSMq & BAM-Q (2019) [19] and the
GPSMq* & BAM-Q for the room-in-room [20] and room
simulation [21] databases. The last mentioned version com-
bines the modified GPSMq* in a straightforward way with
the original BAM-Q, so that differences with respect to the
suggested GPSMq* & BAM-Q* can be attributed to the
current modifications to the binaural BAM-Q. As shown in
Fig. 6, the modified GPSMq* & BAM-Q* resulted in more
accurate predictions than GPSMq & BAM-Q (2019) and
GPSMq* & BAM-Q for both databases.

5 DISCUSSION

5.1 Calibration Data
The results for the monaural calibration database showed

the highest correlations for the models following a rather
straightforward approach (Moore et al.*, PEMO-Q*, and
GPSMq*). The PEAQ* measure is probably too strongly
optimized for the prediction of low bit-rate–coded audio
signals and does not account well for other sorts of quality
differences. The correlation between Moore et al.* pre-
dictions and subjective scores was rpear = 0.84, which is
similar to the correlations (rpear of 0.85 to 0.95) reported in
[4]. In Biberger et al. [8], the model of Moore et al. [4] gave
rpear values ranging between 0.56 and 0.79 for the four
tested databases (audio coding, audio source separation,
noise reduction, and loudspeaker reproduction). In the cur-
rent study, a higher correlation was expected, because the
signal manipulations in the calibration database were sim-
ilar to the signal manipulations in [4]. PEMO-Q* showed
high correlations (rpear = 0.85) for the monaural calibration
database, although Huber and Kollmeier [5] noted that the
model is not suited for the prediction of linearly distorted
signals, while the calibration database contained highly lin-
early distorted signals.

Fleßner et al. [19] reported good prediction performance
(rpear = 0.86) of the original GPSMq* (2018) for the monau-
ral calibration database. Thus, the rpear of 0.88 obtained
using the here-suggested GPSMq* for the monaural cali-
bration database indicates that the modifications suggested
in this study slightly improved the prediction performance
for this database.

5.2 Spatial Audio Data
Subjective ratings of the signals in the room-in-room

and room simulation databases were based on binaural sig-
nal presentations. The listeners did not specifically assess
monaural or binaural audio quality, but overall audio qual-
ity. Therefore, it might seem inappropriate to compare the
results of the listening test to the quality predictions of the
monaural models. However, the results of Fleßner et al. [19]
and Eurich et al. [44] indicate that overall quality is domi-
nated by whichever quality aspect is lower, either monaural
or binaural. The current results show a strong impact of
monaural audio quality, since the suggested GPSMq* pre-

J. Audio Eng. Soc., Vol. 73, No. 11, 2025 Nov. 715



BIBERGER ET AL. PAPERS

Fig. 6. Audio quality predictions of the overall audio quality models GPSMq & BAM-Q (2019) [19], GPSMq* & BAM-Q, and the
proposed GPSMq* & BAM-Q* for the room simulation (lower panels) and room-in-room (upper panels) databases.

dicted the subjective scores well. A similar observation
was made in [45] for binaural signals with distortions that
typically occur in smart headphones or hearables. Infor-
mal listening tests using example signals from the current
study indicated that regardless of whether the signals were
presented monaurally (only left or right channel active) or
binaurally, the same overall quality was perceived by the
listeners.

Prediction results showed that the state-of-the-art com-
parison models overestimated the differences between ref-
erence and test signals when the waveform was not pre-
served. For signals processed by the room-in-room repro-
duction methods, PEMO-Q* and PEAQ* predicted lower
quality scores than for the anchor signals, which did not
agree with the listeners’ quality ratings. Thus, an alterna-
tive to the linear fitting would not improve the predictions.
As shown in Fig. 4, PEMO-Q* did not predict the linear
anchor signal distortions well.

The Moore et al.* model also showed poor prediction
performance (rpear = 0.33), as the perceptual differences
between recorded and reproduced signals were overesti-
mated. The submodel for linear distortions of Moore et al.*
considers long-term differences of the excitation patterns
(i.e., it does not use a detailed comparison, e.g., sample-
by-sample, method). Hence, the submodel for nonlinear
distortions is mainly responsible for the overestimation of
signal differences, as it performs a sample-wise comparison
of reference and test signals in short time frames.

Although the original, unmodified GPSMq* (2018) also
overestimated the perceptual differences between reference

and test signals, it showed higher prediction performance
(rpear = 0.71) than the comparison models Moore et al.*,
PEMO-Q*, and PEAQ*, which is statistically significant
according to the Hotelling-Williams Test [42]. GPSMq*
(2018) uses less signal information than PEMO-Q*, as
envelope power and power SNRs are based on a frame-
wise calculation instead of a correlation-based (sample-by-
sample) comparison. Nevertheless, the reduced amount of
information available in GPSMq* (2018) seems not suffi-
cient to accurately predict audio quality for signals in the
spatial audio databases.

As shown in Fig. 4, the suggested GPSMq* sometimes
also overestimated and underestimated the subjective qual-
ity ratings for the room-in-room database, but the devia-
tions were less pronounced than for the comparison models,
and accordingly, GPSMq* showed better prediction perfor-
mance (rpear = 0.87, rrank = 0.88). According to a Hotelling-
Williams Test [42], the prediction performance of GPSMq*
was significantly different than that of GPSMq* (2018) and
the other comparison models.

The sensitivity of GPSMq* was reduced for the spatial
audio databases by the introduction of the model modifica-
tions without a decrease in prediction performance for the
monaural calibration database. The consistency weightings
introduced in GPSMq* are different for power and the en-
velope power SNRs, with the weighting in the power SNR
path representing the consistency of the power SNR pat-
tern over time. Thus, the weighting would decrease if the
power SNR pattern (across auditory channels) based on dif-
ferences between reference and test signals changed over
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time. For example, low-pass filtering of the reference signal
(as, e.g., in the anchor signals) results in the same changes
of power SNR pattern over time, so the weighting is high.
In contrast, the application of the room-in-room reproduc-
tion method of [20] leads to varying power SNR patterns
over time (i.e., irregular spectral envelope differences over
time), and thus, the weighting is low.

The weighting in the envelope power SNR path includes
two consistency measures, where the first measure exam-
ines the consistency of the temporal evolution of the enve-
lope power SNRs across auditory channels, and the second
measure examines the consistency of the temporal evolution
of the envelope power SNRs across modulation channels.
Differences in the pattern of the temporal envelope power
SNRs across frequency and/or modulation channels would
reduce the weighting of the envelope power SNR path.
For example, the introduction of nonlinear distortions such
as hard clipping or brief interruptions in signal transmis-
sion often increases envelope power SNRs across the whole
range of frequency/modulation channels at the same time,
resulting in similar evolutions of envelope power SNRs and
a high consistency weighting. In contrast, the comparison
of two Gaussian-noise tokens leads to envelope power SNR
changes across (modulation) frequencies at different points
in time, resulting in different evolutions of envelope power
SNRs and a low consistency weighting.

The importance of across-auditory-channel processing
has also been shown in other contexts: For speech intel-
ligibility prediction, Chabot-Leclerc et al. [46] introduced
the sEPSMX, which includes a processing stage to weight
the envelope power SNRs with the across-channel variance
of the envelope power. In addition to marginal moments
(mean, variance, skew, and kurtosis, respectively), McDer-
mott and Simoncelli [47] employed correlations of tem-
poral evolutions of modulation envelopes across auditory
frequencies and across modulation frequencies for sound
texture synthesis. An across-channel process relevant to
the modeling of comodulation masking release in psychoa-
coustic experiments was implemented by Dau et al. [48].

The predictions for the synthetic stimuli confirmed the
results for the spatial audio databases. PEMO-Q*, PEAQ*,
GPSMq* (2018), and the Moore et al.* approach predicted
large differences between statistically independent noise to-
kens, while no differences (reflecting the results of informal
listening tests) were observed for the suggested GPSMq*.
Differences in the synthetic stimuli without and with al-
ternating ITDs are only perceivable when the signals are
binaurally presented to the listeners but not when they
are presented monaurally. Accordingly, monaural models
should not account for such purely binaural differences,
while most of the here-considered monaural models were
sensitive to these ITD differences, as shown in Table 1.

5.3 Comparison With Sound Texture Perception
In the context of non–waveform preserving distortions,

findings on sound texture perception may be relevant.
Sound textures can have strong differences in their wave-
forms but sound very similar to listeners, as long as they

show similar time-averaged signal statistics in the auditory
periphery (e.g., [47]).

McWalter and McDermott [49] systematically investi-
gated the perceptual integration of sound texture statistics
by comparing textures with subtle shifts in stimulus statis-
tics over time relative to a given reference texture (e.g.,
ocean waves, shaking coins, or rain in woods). They found
that listeners appear to average texture statistics over a mul-
tisecond window, depending on the variability of the tex-
tures. Shorter integration windows of about 1.4-s duration
were estimated for textures showing less variability (e.g.,
heavy rain, waterfall, applause), while longer windows of
about 3.2-s duration were estimated for textures with higher
variability (e.g., ocean waves, chewing carrots, galloping
horses).

In this respect, the Gaussian noise used in this study
for model evaluation (see SEC. 2.2.1) represents a signal
with very low variability, and the relatively short integra-
tion time of 250 ms used in this study seems to be sufficient.
However, it should be stressed that the consistency weight-
ings in this study represent spectro-temporal similarities of
signal differences (distortions) between reference and test
signals, while in [49], the statistical similarities between
sound textures were measured, which is conceptually dif-
ferent. On the other hand, the auditory texture model used
in [49] to measure texture statistics had similar properties
to the model used in this study to calculate consistency
weightings. Applying the longer integration times found in
[49] directly to the power, Eq. (1), and envelope-power, Eq.
(4), cues used in the GPSMq* would correspond to a more
direct implementation of their findings, but would probably
limit this approach to the prediction of perception of sound
texture differences, as it does not provide any information
about spectro-temporal regularities in the distortions.

In the study of McWalter and Dau [50], listeners showed
poor abilities in discriminating between measured and syn-
thesized sound textures like insects, campfire, helicopter,
or frogs and crickets. The synthesized textures were gen-
erated by modifying Gaussian-noise to match the statis-
tics of the recorded real-world textures, while the wave-
forms of recorded and synthesized textures were differ-
ent. An informal test showed that the proposed modified
GPSMq*, despite its relatively short integration time of
250 ms, predicted smaller differences between recorded
and synthesized textures (supplementary material provided
in [50]) than the original GPSMq (2018) [8] and, thus,
better matched listeners’ discrimination abilities for sound
textures. With regard to the above-mentioned stimulus-
dependent integration times for sound textures, it would
be interesting to examine whether combinations of consis-
tency weightings based on shorter and longer integration
times can improve audio quality prediction performance
for the types of distortions considered here. However, this
is out of the scope of this work.

5.4 Limitations and Future Extensions
The suggested modifications to GPSMq* are applied to

distance metrics (e.g., SNR) to reduce the impact of dif-
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ferences in auditory features with low consistency over
time or auditory and modulation channels. This approach
is not expected to directly reflect auditory processing in
humans, given that in the current modeling approach, a
difference of the internal representations of test and refer-
ence is available with a high amount of information, from
which, in a subsequent processing step, the consistency
weightings are calculated. This appears unlikely to happen
in the auditory system, and an approach more strongly re-
lated to physiology would already reduce the information
available in the internal representation, which would more
directly reflect the effects of limited auditory short-term
memory.

Wallaert et al. [12] used additive noise applied to the
internal representation after modulation filtering to simu-
late the effect of limited auditory short-term memory. Such
an approach would, however, not be directly applicable
to state-of-the-art audio quality back-ends, since the com-
parison of internal representations of two Gaussian-noise
tokens already leads to underestimation of audio quality
(see SEC. 3.2). Thus, additive memory noise would lead to
a further underestimation of audio quality. If an additive
memory noise is used in the front-end, the audio quality
back-end needs to be redesigned. For example, the back-
end could compare specific characteristics and statistical
measures of the internal representations, which is probably
closer to physiology [47].

In summary, approaches that include the simulation of
auditory short-term memory in the model front-end also
seem to require an adjustment of the back-end. The sug-
gested approach in GPSMq* can be interpreted as a func-
tional simulation of the effects of limited auditory short-
term memory. The correlation matrices of the modifications
give an estimate of the similarity of the distance measures
across the different dimensions (time, auditory, and modu-
lation channels), depending on the distance measure. If the
similarity across a dimension is high, the distance measure
receives a high weight. This could reflect the reduced in-
formation that has to be stored in auditory memory, since
the information is repeated. If the similarity across a di-
mension is low, the auditory memory requirement is high,
because different information has to be stored. Since au-
ditory short-term memory is limited, not all information
can be stored, and accordingly, the discriminability of the
signals is reduced. Hence, the distance measure receives a
low weight. The joint consideration and analysis of several
auditory/modulation channels could also be regarded as a
first step toward auditory object formation, where similar
difference patterns across channels are likely to originate
from one auditory object [51].

The suggested GPSMq* back-end assumes that the audi-
tory images of the left and right ears are combined into one
auditory image by averaging the SNRs for the left and right
ears. This assumption might be incorrect for some scenes,
for example, if a listener is presented with different sound
sources in the left and right ears via headphones. Thus, if
multiple auditory objects are distinctly spatially separated,
a quality measure based on individual, separated auditory
objects might be required.

In the suggested GPSMq*, the center frequency of the
lowest auditory channel is 315 Hz, which is higher than
the lowest auditory channel typically used in other audio
quality models (e.g., [3–6, 52]). However, due to redundant
information in neighboring auditory channels, a center fre-
quency of 315 Hz often captured sufficient low-frequency
differences, as shown in Fig. 5 in [44]. Nevertheless, de-
pending on the sounds considered, it may be necessary in
future experiments to extend the frequency range (with a
lowest auditory channel center frequency of, e.g., 63 Hz) in
the modified GPSMq*. Accordingly, it might be also neces-
sary to adapt integration times (e.g., use longer integration
times for the low-frequency channels for the calculation of
consistency weightings).

In this study, overestimation of signal differences oc-
curred for signal assessments obtained without the ability
to select and listen to signal loops of short duration (<500
ms). When it is possible to listen to small segments of
signals, it is easier to distinguish the signals (e.g., [11]).
This is probably the reason why the suggested GPSMq*
showed poorer prediction performance than the original
GPSMq (2018) for the database used in [8]. Therefore, it
is probably necessary to adjust the proposed modifications
according to the signal duration (e.g., adjust the weights of
the modifications).

5.5 Binaural Extension
For both evaluation databases, the overall audio qual-

ity model GPSMq* & BAM-Q* proposed here achieved
better prediction performance than the original GPSMq &
BAM-Q (2019) [19] and GPSMq* & BAM-Q. These dif-
ferences were significant according to a Hotelling-Williams
Test [42]. However, a comparison of Fig. 6 with Figs. 4 and
5 shows that for the tested databases, GPSMq* & BAM-
Q* never performed better than the GPSMq* alone. Addi-
tionally, predictions based on the combination of GPSMq*
and BAM-Q without modifications were less accurate than
those resulting from GPSMq* & BAM-Q*. This observa-
tion reflects the fact that in the current room simulation and
room-in-room databases, monaural aspects are dominant,
but it also indicates that the modified binaural BAM-Q*
is less sensitive to monaural audio quality aspects than the
original BAM-Q. Accordingly, BAM-Q* made only a mi-
nor contribution to the overall audio quality predictions.

Although the binaural extension was not required for
successfully predicting the types of distortions considered
here, the suggested combined model provides a working
revision of the overall audio quality model of [19]. Because
of the negligible impact of binaural distortions in the current
databases, the suggested binaural extension needs to be
evaluated in more detail with purely binaurally distorted
sounds.

6 CONCLUSION

Limitations of audio quality models that exploit the com-
parison of internal representations in the auditory pathway
were investigated for two spatial audio databases and syn-
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thetic stimuli, where reference and test signals typically
showed strong differences in their waveforms. A modified
monaural audio quality model, GPSMq*, was suggested to
cope with such non-waveform preserving distortions. The
following conclusions can be drawn:

• State-of-the-art audio quality models fail to predict
the audio quality of complex signals like spatially
processed audio signals or Gaussian-noise tokens.

• Incorporation of a consistency weighting stage
into the back-end of a monaural audio quality
model improved prediction performance consid-
erably for signals in spatial audio reproduction
schemes and Gaussian-noise tokens. In the here sug-
gested GPSMq*, this additional stage is intended to
effectively mimic short-term memory limitations by
analyzing similarities in the differences between the
internal representations of reference and test signals
across time frames, auditory channels, and modula-
tion channels.

• Further psychoacoustic experiments are required to
investigate the relationship between the complex-
ity of signals and their discriminability and to de-
velop model modifications or fine-tune the suggested
model modifications. In this respect, sound textures
are an interesting class of signals.

• The tested monaural audio quality models were able
to distinguish binaural signal differences that are
monaurally not detectable and should therefore not
be used in conditions in which binaural distortions
occur.

• A binaural extension was suggested, applying a con-
sistency weighting stage to the submeasures in the
binaural audio quality model BAM-Q [7]. Combin-
ing the modified monaural and binaural audio quality
models resulted in more accurate predictions than a
combination without modifications.
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