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ABSTRACT

The Perceptual Evaluation of Audio Quality (PEAQ), an
ITU metric, has been developed for objective measurement
of high quality audio. Previously it has been shown that
the Energy Equalization approach (EEA), and a metric that
uses EEA as a model output variable (MOV) together with
standard five MOVs of the PEAQ advanced version, out-
performs over PEAQ metric alone for measuring low bi-
trate audio quality. In this paper, we will show that the
latter approach also performs better than both PEAQ ad-
vanced version and EEA alone for measuring mid quality
audio. Further, the use of bitrate information in our met-
ric improves its accuracy in measuring over different audio
qualities, thereby making it scalable.

1. INTRODUCTION

Most audio coders allow the user to choose between au-
dio quality and file size by providing control over bitrates.
At higher bitrates, the density of audible artifacts is lower
and hence the quality is higher. For measuring the quality
of low impairment audio, the International Telecommuni-
cations Union (ITU) has adopted ITU-R Recommendation
BS.1116 [1] as its subjective test methodology. Since sub-
jective tests are time consuming and impractical in many
applications, numerous objective measurement algorithms
have been proposed [2, 3, 4, 5, 6] based on the perceptual
model of the human auditory system. Later, the features
of these algorithms were combined into a single measure-
ment method called PEAQ and this was formally adopted
as ITU-R Recommendation BS.1387-1 [7]. The PEAQ pro-
poses two versions, namely the basic and advanced version,
which are differentiated by the tradeoffs between accuracy
and speed. The basic version includes a Fast Fourier Trans-
form (FFT) based ear model whereas the advanced version
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includes both FFT and filter bank based ear models. The
advanced version generates 5 MOVs which include param-
eters for distortion loudness, changes in modulation, lin-
ear distortion, harmonic structure of the error and noise-to-
mask ratio [7]. These MOVs are mapped to a single quality
measure called the Objective Difference Grade (ODG) us-
ing an artificial neural network.

Scalable coding is often preferred in applications for
which the available bandwidth varies with time as it allows
for small portions of the encoded bitstream to be decoded
to obtain an audio signal with lower fidelity, bandwidth or
selected content [8]. In particular, we consider Bit Slice
Arithmetic Coding (BSAC) in MPEG-4 which allows the
original audio to be encoded at a higher bitrate and decoded
at bitrates less than or equal to the encoded bitrate. The abil-
ity of PEAQ to measure the quality of low bitrate scalable
audio has been found to be poor for both the basic [9] and
advanced versions [10]. In [10], a metric was introduced
that uses 5 MOVs from the advanced version together with
the sixth EEA MOV. These MOVs are mapped to a qual-
ity measure using a optimized single layer neural network.
This method has been shown to outperform both EEA and
PEAQ for measuring low quality audio. In this paper, we
show that it also performs well for measuring mid and high
quality audio. And the accuracy of its measurement further
improves when bitrate information is known.

2. SUBJECTIVE TESTING

Subjective tests are conducted to quantify performance of
various objective measurement metrics for measuring low
and mid quality audio. Codecs from the the MPEG-4 family
are considered, namely non-scalable AAC (Advanced Au-
dio Coding), non-scalable TwinVQ (Transformed weighted
interleaved vector quantization) and scalable BSAC. These
codecs are used to encode and decode seven monoaural se-
quences for our subjective testing, two of which are from the
MPEG-4 test set while the others come from various clas-



sical and popular music sources. Using BSAC, we encode
monaural audio signals at 64 kb/s and decode them at 16
kb/s and 32 kb/s, respectively. And for TwinVQ, we encode
and decode at both 32 kb/s and 16 kb/s while for AAC we
encode and decode at 32 kb/s. In addition to 16 kb/s BSAC,
we use another variant of BSAC for which the original au-
dio is lowpass filtered to 6 kHz prior to encoding at 64 kb/s
and decoding at 16 kb/s. Using these codecs, we obtain 33
processed audio sequences that includes both mid (32 kb/s)
and low (16 kb/s) bitrate sequences.

Comparison Category Rating (CCR) approach [11] is
used for subjective testing since high impairment audio sig-
nals are being evaluated and it also provides for direct com-
parison between any two codecs. The subjective test in-
cludes 21 assessors, each of whom makes a total of 20 com-
parative evaluations. We use the audio sequences and follow
the subjective test methodology as proposed in [12].

3. ENERGY EQUALIZATION APPROACH

EEA is a metric that has been shown to perform better than
both PEAQ basic [9] and advanced versions [10, 13] for
measuring high impairment audio quality. EEA applies time-
frequency analysis to the original and processed audio sig-
nals in order to measure the quality of the processed signal.
In this method, the energy of the processed audio signal is
first computed. A truncation threshold Tkn for each codec k
and audio sequence n is computed, such that energy of orig-
inal uncoded audio truncated by Tkn equals energy of the
test audio. Since CCR performs a relative subjective com-
parison between the two codecs, the comparison using EEA
must also be differential. The optimal predictor based on the
difference in truncation threshold is determined by solving
the linear equation

ax = p (1)

for a scalar x, where a and p are both of size 20 × 1 and
contain differential threshold data and subjective test data,
respectively. The vector a is scaled to have values in the
range (0,3] which corresponds to the absolute range of our
subjective data. The predictor is given by the least square
solution of (1), i.e.

x̂ = (aTa)−1aTp. (2)

This predictor is used to map difference in truncation thresh-
old to a measure of audio quality.

4. NEW OBJECTIVE QUALITY METRIC

In this section, we consider a number of different methods
for improving the performance of PEAQ advanced version
when measuring low and mid-quality audio. These include

the use of a single layer neural network, the use of the trun-
cation threshold as an additional MOV, and the selection
of weights for the neural network based on encoded bitrate
[13]. Including all of the above mentioned parameters re-
sults in a metric that performs well over a range of audio
qualities.

4.1. PEAQ with single layer neural network

In this section, we redesign the neural network of the PEAQ
advanced version using a single layer neural network. The
neural network is designed using 33 reconstructed audio se-
quences belonging to both mid and high impairment cate-
gory. A vector m of size 5 × 1 is constructed, and it con-
tains differences in MOVs corresponding to the pair of au-
dio sequences being compared. The difference in MOVs is
mapped to a single quality measure d by

d = mTw (3)

where w is a 5× 1 vector containing weights corresponding
to the MOV difference values. The weights are computed
by solving the following equation

Aw = p (4)

where A represents a n×5 matrix containing the difference
in MOVs, n is the total number of audio sequence pairs be-
ing compared, p is a n× 1 vector containing subjective test
data and w is a n×1 weight vector. The least square solution
for the weights is given by

ŵ = (ATA)−1ATp. (5)

Once the weights are computed, the ODG values for
all the audio sequences are found using (3), where vec-
tor m now contains the actual MOV values and d contains
the resulting ODG value. A vector a containing difference
in ODG values is constructed and optimal predictor corre-
sponding to it is determined by solving (2). The plot of
the predictor for PEAQ advanced version with and without
the redesigned neural network is shown in Fig 1. The re-
sult using EAQUAL (version alpha 0.1.3) is also plotted to
show the comparison to the basic version of PEAQ. We use
the correlation coefficient, the slope of the optimal predictor
and the mean square error between predicted and subjective
measurements to evaluate different metrics. Note that the
correlation coefficient is a measure of the degree of linear
relationship present between two variables [14]. From Ta-
ble 1, we clearly find that the proposed metric outperforms
both EAQUAL and PEAQ advanced version, and achieves
similar performance as that of EEA.

The predictor is tested for robustness by successively
eliminating each of the 20 test cases from (1) and computing
the predictor using (2) for the modified system. The optimal



Table 1. Parameters from various objective measurement
schemes

Objective metrics Correlation Slope MSE
Coefficient

PEAQ advanced version 0.2526 0.5174 0.8033
EAQUAL 0.7434 0.8680 0.7118
EEA 0.831 ≈ 1 0.276
Metric in Sec 4.1 0.8385 0.8568 0.2524
Metric in Sec 4.2 0.8973 0.8461 0.1713
Metric in Sec 4.3 0.9155 1.008 0.1537
for low and mid quality
Metric in Sec 4.3 0.9832 1.1044 0.0674
for high quality
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Fig. 1. Least squares fit of objective measure vs. subjective
measure for Section 4.1 metric.

prediction computed is then applied to the actual data that
was eliminated in the design process to obtain a predicted
objective measure. The squared error between the predicted
value and the subjective data for each holdout case is shown
in Fig.2 along with the corresponding slope variation. The
variation of slope for the proposed metric is small while the
squared error is less than 0.7 except for one holdout case.
This indicates that the predictor is relatively robust with re-
spect to changes in the training set.

4.2. PEAQ advanced version with single layer neural
network and EEA MOV

In Table 1, we observe that the slope for EEA is close to
one, indicating that the difference in the truncation threshold
can be directly used to evaluate the relative quality of two
codecs. This has been our motivation for using the trunca-
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Fig. 2. Squared error and slope variation for each holdout
case for Section 4.1 metric.
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Fig. 3. Least squares fit of objective measure vs. subjective
measure for Section 4.2 metric.

tion threshold as an additional MOV in the PEAQ advanced
version. The metric proposed here uses 6 MOVs, five from
the original PEAQ advanced version and truncation thresh-
old as the sixth MOV. These MOVs are mapped to a single
quality measure using a single layer neural network. The
design of this network follows the same approach as in the
previous section, except that there are six MOVs instead of
five. The plot of the least squares fit of the proposed metric
is shown in Fig 3, together with that of other metrics. Figure
4 gives the change in slope and squared error for the pro-
posed metric, and it is observed that the maximum squared
error is reduced by 50 % when compared to the previous
case. Also from Table 1, we clearly see that including an
additional EEA MOV has improved the correlation coeffi-
cient and has resulted in smaller MSE.
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Fig. 4. Squared error and slope variation for each holdout
case for Section 4.2 metric.

4.3. New metric with EEA MOV and single layer neural
network with bitrate specific weights

In this section, we will show that our metric will predict au-
dio quality with higher accuracy when bitrate information
is known. The bitrate is used to choose the weights for the
single layer neural network. For mid and low quality au-
dio, weights are used corresponding to 32 kb/s and 16 kb/s
training data respectively. While for high quality audio, we
use weights that are designed using conformance audio se-
quences provided by the ITU [7]. Specifically, we use those
sequences whose ODG values are close to zero, as they in-
dicate low impairment. Also, the ODG values are treated as
true subjective test values, assuming that PEAQ performs
optimally for measuring high quality audio. The methodol-
ogy for computing the weights follows the approach given
in the previous section.

Figures 5 and 6 plot the least squares fits and squared
error/slope variation for the proposed metric with mid to
low quality audio. Similar plots for high quality audio are
shown in Figs 7 and 8. From Table 1, we clearly see that
by using bitrate information, the correlation coefficient ap-
proaches to one while the MSE decreases further, thereby
resulting in higher accuracy in measuring audio quality.

5. CONCLUSIONS

In this paper, we have shown that the performance of the
PEAQ advanced version for measuring low and mid quality
audio is improved by using an optimized single layer neural
network. Its performance is further improved by including
an additional truncation threshold MOV. Finally, this metric
results in even higher accuracy in measuring over different
audio qualities when the bitrate of the test audio sequence is
known, thereby making it scalable. In our future research,
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Fig. 5. Least squares fit of objective measure vs. subjec-
tive measure for Section 4.3 metric (for mid and low quality
case).
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Fig. 6. Squared error and slope variation for each holdout
case for Section 4.3 metric (for mid and low quality case).

we consider the use of a more complex neural network as
it may provide further improvements to our proposed met-
ric. Since MUSHRA (Multi Stimulus test with Hidden Ref-
erence and Anchor) [15] provides a method for subjective
assessment of low and mid quality audio and is more recent
than the CCR approach, we plan to follow this recommen-
dation in our future research.
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Fig. 7. Least squares fit of objective measure vs. subjective
measure for Section 4.3 metric (for high quality case).
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