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ABSTRACT
In this paper, we use mutual information (MI) as a measure to quantify the subjective perception of audio quality by directly measuring
the brainwave responses of human subjects using a high resolution
electro-encephalogram (EEG). Specifically, we propose an information theoretic model to interpret the entire “transmission chain” comprising stimulus generation, brain processing by the human subject,
and EEG measurements as a nonlinear, time-varying communication channel with memory. In the conducted experiment, subjects
were presented with audio whose quality varies between two quality
levels. The recorded EEG measurements can be modeled as a multidimensional Gaussian mixture model (GMM). In order to make
the computation of the MI feasible, we present a novel approximation technique for the differential entropy of the multidimensional
GMM. We find the proposed information theoretic approach to be
successful in quantifying audio quality perception, with the results
being consistent across different subjects and distortion types.
Index Terms— mutual information, perception, audio quality,
electro-encephalography (EEG), Gaussian mixture model (GMM)
1. INTRODUCTION
The current state-of-the-art approach for subjective quality testing of
audio is Multi Stimulus with Hidden Anchor (MUSHRA) [1]. One
characteristic that MUSHRA and most of the other existing audio
and video testing protocols have in common is that each human participant assigns a single quality-rating score to each test sequence.
Such testing suffers from a subject-based bias towards cultural factors in the local testing environment and tends to be highly variable.
Recently, there has been a growing interest in using EEG to classify human perception of audio [2, 3] and visual [4–6] quality. For
example, [3] investigates the use of a time-space-frequency analysis
to identify features in EEG brainwave responses corresponding to
time-varying audio quality. Further, [2,4] propose to use Linear Discriminant Analysis (LDA) classifiers to extract features based on the
P300 evoked response potential (ERP) component [7,8] for classifying noise detection in audio signals and to assess changes in perceptual video quality, respectively. Similarly, in [6] the authors employ
a wavelet-based approach for an EEG-classification of commonly
occurring artifacts in compressed video, using a single-trial EEG.
In this paper, we provide a novel information theoretic framework to assess the subjective perception of audio quality using EEG
data. Our approach here is different compared to the above mentioned studies in that we analyze the overall transmission chain comprising of stimulus generation, processing by the human brain, and
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Fig. 1: Communicating over the ERP channel.
the EEG sensors as a time-varying, nonlinear communication channel with memory by determining the corresponding mutual information (MI) [9]. In the neuroscience literature such a channel in
general is referred to as the ERP channel [10] and is shown in Figure 1. We are motivated here by the fact that a better understanding
of the stochastic characteristics of the end-to-end perceptual processing chain in-turn enables us to create better models/metrics of
how the brain responds to changes in observed audio quality. The
ERP channel can be considered equivalent to a single-input multipleoutput (SIMO) communication channel with unknown characteristics, where the quality of the audio stimulus represents the scalar
(single) input, and the observation at the EEG sensors on the scalp
is the vector (multiple) output. In particular, we show that the EEG
measurements on this channel can be modeled as a Gaussian mixture model (GMM). Further, in order to make the computation of the
MI over the ERP channel feasible, we present a novel approximation
technique for the differential entropy of the multidimensional GMM
based on a Taylor series expansion. Unlike current methods, employing MI does not assume stationary of the EEG signal and does
not rely on linear dependencies. Therefore it represents a well suited
measure to model nonlinear, time-varying phenomena like brain activity. In the past, previous EEG studies have successfully used MI
to analyze corticocortical information transfer [11–14], and for feature extraction and classification purposes (see, e.g., [15–19]). To the
best of our knowledge, however, this is the first time that an information theoretic characterization has been used in conjunction with
EEG measurements to quantify human perception of audio quality.
2. EXPERIMENT
To collect the data required for the study in our experiments, test
subjects were presented with a variety of different audio sequences
whose qualities varied with time. A total of 19 test subjects, all with
normal hearing capability, participated in the experiment with the
majority of them being male. We employed an ActiveTwo Biosemi
EEG system, which captures data on 128 spatial channels, sampled
at 1024 Hz. An average re-referencing and baseline removal was
performed, and the EEG data was passed through a high-pass filter
with a cut-off frequency at 1 Hz.
All stimulus test-sequences were created from three funda-

mentally different base-sequences sampled at a ‘high’ quality of
44.1 kHz, with a precision of 16 bits per sample. Two different
types of distortions were considered — scalar quantization and frequency band truncation. To generate the ‘distorted’ quality each
of these base-sequences were passed through a 2048 MDCT (with
50% overlap) and either the frequency truncation or the scalar quantization was applied to the coefficients prior to reconstruction. The
frequency truncation was implemented by setting all the coefficients
above 1.1 KHz to zero, while the scalar quantization was performed
by only retaining up to the second most significant bit of the MDCT
coefficient. The test-sequence for a specific trial was then created
by selecting one of the two distortion types and applying it over
the duration of the entire sequence using a time-varying pattern of
non-overlapping five second blocks, each comprising of a piecewise
constant ‘high’ or ‘distorted’ quality [20]. Multiple of such trials
were conducted for each subject by choosing all possible combinations of sequences, distortion types, and time-varying patterns.
To better manage the large amount of collected data while effectively mapping the activity across different regions of the brain, we
suggest grouping the 128 electrodes of the EEG-system into specific
regions of interest (ROI). A potential grouping scheme [21] and the
one that we use is shown in Figure 1. While a large number of grouping schemes are possible, this scheme is favored for our purposes as
it efficiently covers the different cortical regions (lobes) of the brain
with a relatively low number of ROIs.
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Fig. 2: Schematic representation of the 128-channel EEG system. The elec-

trodes are grouped into eight regions of interest (ROI) to effectively map the
activity across different regions of the brain.

3. INFORMATION THEORETIC ANALYSIS
3.1. ERP channel
The input random variable X of the ERP channel is uniformly distributed over a set of class indices X which describe the quality of
the stimulus sequences at any given time interval. The audio quality of the input sequence can then be represented as an equiprobable
Bernoulli distribution
(
x1 , if the input stimulus is of high quality,
X=
x2 , if the input stimulus is of distorted quality,
with a priori probabilities p(x1 ) = p(x2 ) = 1/2.
The output of the channel is given by the index set Y containing all possible values of the EEG potential at any given time interval. For a total of n ROIs we therefore get a (multivariate) output

Fig. 3: Normalized probability distributions p(y|x1 ) and p(y|x2 ) of a sub-

ject over a single ROI, for high quality and frequency truncated audio inputstimulus, respectively. The Gaussian fit is obtained by using an estimator that
minimizes the L1 distance between the fitted Gaussian distribution and the
histogram data.

vector of random processes Y (t) = (Y1 (t), . . . , Yn (t)). To reduce
the variance of the ERP channel measurements we consider every
electrode in the i-th ROI as an independent realization of the same
random process Yi (t), i = 1, . . . , n. Further, we assume the random process to be ergodic within the five second non-overlapping
blocks of a trial with constant audio quality, and therefore without
any loss of generality we can set Y (t) = Y . Note that this assumption does not rule out any non-stationary behavior between sections
of different audio quality within the same trial.
Since the input can take on two distinct values, there are two
conditional distributions p(yi |x1 ) and p(yi |x2 ) corresponding to
any given ROI. Figure 3 shows the normalized conditional distributions obtained via histogram measurements of a single ROI output
over time. A detailed inspection using different subjects, input sequences, and ROIs allows us to assert two important facts about this
distribution. First, the conditional distribution converges to a Gaussian with zero mean. The potential recorded at the EEG electrode
at any given time-instant can be considered as the superposition
of responses of a large number of neurons. Thus, the distribution
of a sufficiently high number of these trials taken at different time
instances converges to a Gaussian distribution as a result of the
Central Limit Theorem (CLT). It then follows directly from the CLT
that the probability distribution for n ROIs will also converge to a
n-dimensional multivariate Gaussian distribution. Second, we observe from Figure 3 that there is a difference between the variances
of the distributions p(yi |x1 ) and p(yi |x2 ). This indicates that Yi
is dependent on X, i.e., the EEG data is related to and contains
“information” about the input stimulus. In information theory this
is measured with the MI I(X; Yi ), typically measured in bits [9].
In particular, the MI quantifies the information transfer over the
communication channel X → Yi . Further, if we consider the conditional probability distributions corresponding to n ROIs chosen
simultaneously, then each of the distributions p(Y |X = x1 ) and
p(Y |X = x2 ) are n-dimensional Gaussian distributions, with K1
and K2 being the n × n covariance matrices of each of the distributions, respectively. The conditional differential entropy h(Y |X) in
bits is then defined as [9]
Z∞
X
h(Y |X) , −
p(x) p(y|x) log p(y|x) dy
x∈X

=

−∞

1
{log(2πe)n |K1 | + log(2πe)n |K2 |} ,
4

(1)

where here and in the Using
following
alloflogarithms
taken
with
the the law
total probabilityare
we can
rewrite
p(y) base
in terms2.
the Gaussian
conditional
probabilities
as
Using the the law of of
total
probability
we
can rewrite
p(y) in terms
X
of the Gaussian conditional
probabilities
as 1 p(y|x1 ) + p(y|x2 ) . (2)
p(y) =
p(Y = y|x)p(x) =
x2X

<n

The differential entropy of Y in bits is therefore given as
The MI between the output EEG data and the input audio stimulus
Z
can then be calculated using I(X; Y ) = h(Y ) h(Y |X).
1
1
h(Y ) = − [p(y|x1 )+p(y|x2 )]·log [p(y|x1 )+p(y|x2 )]dy. (3)
2
2
<n

3.2. Entropy Approximation

n

out that,
to the theofbest
of our
knowledge, that
there isi )no
where < denotes theIt turns
support
region
the
distribution
p(y|x
+
closed form solution for the entropy of a mixture of Gaussian ranp(y|x2 ). The MI between
the(3)output
data
and the
input
audom variables
and it’s aEEG
recurring
open problem
in the
literature.
consists of a multiple
integralI(X;
over a logarithm
a sum) of
dio stimulus can thenEq.be(3)calculated
by using
Y ) = ofh(Y
−
exponential functions which makes it difficult to formulate a general
h(Y |X).
closed-form analytical solution. In the absence of an analytical so-

3.2. Entropy

lution it is usually common to use numerical methods to calculate a
sufficiently accurate estimate of the solution. However, as the dimensionality of the Gaussian multivariate random variable increases, it
approximation
becomes computationally infeasible to evaluate the n-order multiple
integral using numerical integration.

Therefore,
we propose
an approximation
for theis
entropy
by perIt turns out that, to theforming
the
best
of
our knowledge,
there
no closed
a component-wise Taylor series expansion of the logarithform solution for the entropy
a mixture
of Gaussian
random
varimic functionof
[24].
This approximation
makes no prior
assumptions
and is suitable in general for estimating the entropy of any given
ables (3) which is a recurring
open problem in the literature. This is
multidimensional Gaussian mixture model (GMM). If we assume
associated
with theover
N -dimensional
Gausdue to the fact that (3)pconsists
ofprobability
a multiple
integral
a logarithm
i (z) to be the
sian distribution, N (z; µi , Ci ), then the probability of the GMM is
of a sum of exponential
functions
which makes it difficult to formugiven
by
late a general closed-form analytical solution.
In the absence of an
L
X
p(z)to
= usewnumerical
analytical solution it is usually common
methods(4)to
i pi (z)
calculate a sufficiently accurate estimate ofi=1the solution. However,
L is the number of mixture components, and wi , µi and Ci is
as the dimensionalitywhere
ofweight,
the
Gaussian
multivariate
random
the
mean vector and
the covariance matrix
of thevariable
i-th component
of the GMM, respectively.
Let to evaluate the n-th
increases, it becomes computationally
infeasible
!
L
order multiple integral using numerical integration.
X
f (z) = log p(z) = log
wi N (z; µi , Ci ) .
(5)
i=1
Therefore, we propose an approximation for the entropy by perIf we thenTaylor
use the Taylor
seriesexpansion
to expand the function
(z) around
forming a component-wise
series
of theflogarithµi , we obtain
mic function [22]. This
approximation makes no prior assumptions
f (µi )
f (µi ) of any
and is suitable in general for estimating
the entropy
given
f (z) = f (µ ) +
(z µi ) +
(z µi )2 + . . . (6)
1!
multidimensional GMM. If wei assume
pi (z) to 2!be the probability
distribution for the i-component
of the of
GMM
associated
with
nThe odd central moments
a Gaussian
distribution are
zero,the
thereall the odd order
seriesmean
expansion
dimensional Gaussianfore
distribution
N terms
(z; µinithe
, CTaylor
µi are
∈ also
Rn
i ) with
zero. The differential entropy of the Gaussian mixture therefore reand covariance matrixduces
Cito∈ Rn×n then the probability distribution
Z
Z
of the GMM is given by
h(z) =
p(z) log p(z) =
p(z)f (z)
L
X
<
<
wi pi (z),
(4)
p(z) =
0

00

N

N

i=1

where L is the number of mixture components, and wi denotes the
weight of the i-th component of the GMM, respectively. Let
!
L
X
f (z) = log p(z) = log
wj pj (z) .
(5)
j=1

If we then use the Taylor series to expand the function f (z) around
µi , we obtain
0

f (z) = f (µi ) +

f (µi )
1!

00

(z − µi ) +

f (µi )
2!

(z − µi )2 + . . . (6)

The odd central moments of a Gaussian distribution are zero, therefore all the odd order terms in the Taylor series expansion are also
zero. The differential entropy of the Gaussian mixture therefore reduces to
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Fig. 4: Entropy approximation using a second-order Taylor expansion
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The second-order Taylor expansion of the differential entropy can
then simply be calculated from (7), (8), and (12) as h(z̄) = h0 + h2 .

Di = ΣT Ci Σ,

(13)

where Di is diagonal matrix containing the eigenvalues of Ci , and Σ
is the diagonalization matrix whose columns are the the eigenvectors
of Ci . The i-th component is then split as
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Fig. 5: Mutual information estimates for a total of 314 trials for each

distortion-type, conducted across all 19 test subjects using different combinations of base sequences and time-varying distortion patterns. The total
number of trials presented to each subject varied between 32-36.
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Also, as the variance of the distribution increases in each dimension more terms are required to reduce the approximation error
which becomes increasingly complex and computationally demanding. In order to obtain a high accuracy approximate while keeping
the number of expansion terms used constant, we propose using a
variance splitting approach [22]. In this approach we split and replace the high-variance Gaussian component with a mixture of Gaussians, each with a substantially lower variance than the original. The
i-th component for splitting is identified and aligned such that the
multidimensional Gaussian has its longest ellipsoid along the principal axis. This is done by diagonalizing the covariance matrix
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T

p̂k (z) ∼ N (z; µ̂k , Ĉk ) with Ĉk = ΣDk Σ ,
√
ŵk = ν̄k wi , µ̂k = µi + λd · µ̄k · [0, . . . , 1, . . . , 0]T ,

Dk = diag λ1 , . . . , λd−1 , σ̄k2 , λd+1 , . . . , λn ,
(15)

and d is the index of the largest eigenvalue of Ci . The parameters
w̄k , ν̄k , and σ̄k in (15) are calculated using the splitting library [23]
shown in Figure 4. The figure also shows the simulation results for
the entropy approximation for a sample GMM for n = 2 as its variance is increased, calculated using a second-order Taylor series expansion, with and without the variance split. While maintaining a
high degree of accuracy, this split is not perfect and introduces a
marginal amount of error due to the limited number of Gaussians in
the splitting library. However, we have observed that the splitting
approach is especially helpful at higher variances and, if required,
can be performed repeatedly to further refine the approximation.
4. RESULTS
The MI can be trivially upper bounded as
I(X; Y ) = H(X) − H(X|Y ) ≤ H(X) = 1 bit,

(16)

where we have used the fact that X is drawn from an equiprobable
Bernoulli distribution. Therefore, the maximum information that can
be transferred over the ERP channel for the given input is 1 bit. This
upper bound is based on the entropy of the input random variable
and depends only on the quality of the audio stimulus. It is also
independent of subjective perception, mental state of the individual,
any pre-processing to the EEG data, or even the number of ROIs
considered.
The output of the ERP channel maps the activity spread over the
entire cortex and the total MI is therefore a contribution of all the
eight ROIs. To calculate the entropy over these multiple regions we
use the second-order Taylor series approximation presented in the
previous section. A four-component variance split is then performed
twice to further refine the approximation result. Figure 5 shows the
final estimates for the MI, calculated for each trial. We observe that
the MI over the ERP channel for a given trial is in general moderateto-high. This shows that the recorded EEG data reveals a significant
amount of information about the quality of the audio sequence in the
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Fig. 6: The median mutual information estimates for each of the 19 test

subjects when presented with the same set of trial-sequences, across the two
different distortion-types. By taking the median we are able to remove any
outlying values corresponding to the trials when the subject was either distracted or not paying attention to the audio sequence.

trial. Also, the subset of trials with low MI suggest that the brain
activity of the subject in those trials is less aligned in response to
the audio quality, e.g., if the subject is either distracted or not paying attention to the presented audio sequences. The individual MI
estimates for each subject are summarized in Figure 6. These results
indicate the MI to be fairly consistent across the entire pool of test
subjects. Further, subjects that show a low level of quality perception
appear to do so over both the distortion types, indicating once again
that the particular subject did not comply very well with the test procedures. Overall, the MI results are uniformly high across different
subjects, trials, and distortion-types, thus demonstrating the viability of both the proposed end-to-end channel model and the MI as a
suitable measure for subjective audio quality perception.
5. CONCLUSION
We have presented a novel information theoretic framework for subjective quality assessment based on observed EEG data for subjects
listening to time-varying distorted audio. By modeling the endto-end perceptual processing chain as a discrete-input time-varying
nonlinear SIMO channel with memory, we aim to better understand
its stochastic characteristics and in-turn create better models/metrics
of how the brain processes audio stimuli and responds to changes
in observed audio quality. The MI estimate computed over the ERP
channel quantifies the information transmitted between the input audio stimulus and the EEG measurements, thus serving as a direct
performance measure for audio quality perception. The approach
presented here can be extended for assessing the subjective perception of video quality and can also be generalized to other assessment
techniques like MEG, albeit with a higher complexity.
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