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Abstract

An approach for instrumental assessment of audio systems is presented in this contribution, which is based on
binaural recordings of real music signals as well as measurement signals. Any system for instrumental assess-
ment of audio quality should ideally be able to replicate the perception of a human test subject. An auditory
test design based on music signals was recently devised that was shown to lead to reliable test results even with
naive test subjects. The test utilizes three individual attributes (timbre, distortions and spaciousness) along with
a judgement on overall quality to quantify the perceived quality. Several auditory tests were conducted with the
proposed design to collect training material for the system that is presented in this contribution. The system con-
sists of two main components: An analysis stage that contains specific components for the individual attributes
and a trained regression that utilizes the results of the conducted listening tests to establish a relation between
the analyses and human perception. This contribution presents an overview of the assessment system, highlights
the interaction between analyses and quality perception, and makes a comparison with auditory results.
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1 INTRODUCTION

Instrumental assessment of audio quality is a very challenging task due to the different components (technical
and non-technical) which influence the quality perception. The known instrumental approaches (e.g., [3] and
[5]) are based on degradation tests according to [4]. They focus on the degradation that is introduced by lossy
coding of audio signals and quantify only the basic audio quality without further analysis of additional attributes.
A completely separate task is the assessment of different audio systems including the acoustic setup. This
comprises, e.g., the comparison of loudspeakers, amplifiers, spatial audio rendering schemes or even complex
applications like car audio systems. Such systems were auditorily assessed in a listening test (presented in [11]
and extended in [15]) for a single attribute: overall quality. The test results in different test environments were
compared — the outcome being that tests in a listening laboratory are mostly equivalent to tests in a car.

Some auditory investigations into additional attributes for assessing audio quality can be found in [2], [8] and
[°]. A listening test methodology for the comparative assessment of different audio systems using four quality
attributes was introduced in [13].

This contribution briefly describes the listening tests, which provide the underlying perceptual data for devel-
oping an instrumental model before providing an overview of a structure for an initial instrumental model and
outlining the analyses for the different quality attributes. The similarities and differences between the chosen
analyses are described and example prediction results are given.

2 AUDITORY ASSESSMENT

A comparison category rating (CCR) listening test (adapted from [7]) was already proposed in [13] for the
auditory assessment of multichannel audio systems. The four quality attributes in the test are timbre, distortion,
immersion and overall quality. The reliability of the ratings that were given by the individual test subjects can
be quantified by performing an analysis of circular triads in the result data. [I13] also describes a procedure
for this analysis along with thresholds for deciding which results can be used in the subsequent analysis and
modeling stages. The general outcome of the investigation was that it is (in general) possible to conduct this




type of listening test with naive test subjects. Only a few cases of inconsistent voting occurred and these can
be identified (and removed) by the described analysis approach.

Additionally, the relation between the individual quality attributes and the overall quality was investigated in
[13] as well. The connection between the attributes and the overall judgement was described by a simple linear

regression:
Overall quality =0.5-T+0.23-D+0.46-1 (1)

The auditory results for the overall quality and the results according to Equation 1 are depicted in Figure 1. It
can be observed that the correlation between the auditory results and the prediction is very high and there are
no outliers.

Linear Regression

Prediction

’ @ LinearRegression (r=0.991)

-3 Tl : - ] T
-3 =2 -1 0 1 2 3

Auditory Result

Figure 1. Comparison of auditory results for overall quality and prediction of overall quality from the other
three attributes (figure from [13])

3 STRUCTURE OF THE PREDICTION SYSTEM

A very brief overview of the structure for an instrumental model was given in [16]. The structure is shown in
Figure 2. The preprocessing stage ensures that the signals are fed into the analysis stages in a defined manner,
e.g., regarding the sampling rate.

In the following, the analyis stages are described in more detail. It is shown that there are some fundamental
classes of analyses which could be utilized and arguments against one of the classes are given.

Note that this contribution only considers the prediction of the individual quality attributes and there is no
separate analysis stage for the overall quality: If the quality attributes are predicted well, Equation 1 will yield
a good prediction of overall quality.

4 ANALYSES STAGES

The analysis stages aim to quantify the perceived quality of the music signals m,,(k) (with a denoting the
audio system and k as the discrete time index) that were also used in the listening test, i.e, the stages have
to provide R different analysis results ry g (rpjr)(a,n) for each music piece n (the subscript indicating the
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Figure 2. Simple block diagram of an instrumental model (figure from [16])

attribute that shall be quantified: Timbre, Distortion and /mmersion). As an additional information to these
music signals, sweep recordings s,(k) for the audio system a must be provided as well for certain analyses as
will be described in the following. The listening test uses six music signals for each audio system (cf. [13]),
but there is only one sweep recording for each audio system.

There are three fundamental possibilities how these signals could be used to quantify the behaviour of audio
system a for the music piece my ,(k):

e Analysing only the music signal m,(k),
e Analysing only the sweep signal s,(k),
e Analysing both signals (m, (k) and s,(k)).

Depending on the specific analysis, there are cases where analysing the music signal alone or analysing both
signals makes more sense. Analysing the sweep signal alone, though, is practically never useful for two reasons.

First and foremost, the analysis result would be independent from the actual piece of music that was played.
This is in clear contrast to the everyday experience that an audio system can not play all types of music (or
all songs) similarly well. For example, a very small audio system is usually not capable of reproducing low
frequencies. While this is very perceivable (and detrimental) for music pieces that contain a lot of bass, it is
only a minor issue for other pieces that contain, e.g., vocal performances.

Secondly, this is also an issue from an algorithmic point of view: The mapping between the analysis results
T'1..R.(T|D|I) (a,n) and the instrumental quality values MOS 7 |pj) is done by a trained regression approach (e.g., a
neural network or a random forest). The critical aspect here is the training of the regression which connects the
analysis results with the auditory results: Analyses that only consider the sweep recording lead to a situation
where (possible vastly) different auditory results (one for each music signal m,,(k)) have to be derived from
identical analysis results (for s,(k)).

In the following, five analyses for each quality attribute are briefly described. The results of these analyses are
combined to get a quality prediction for each attribute.

4.1 TIMBRE ANALYSES

A first example for an analysis that is useful for predicting the quality attribute was already given in [16]: A
comparison of the frequency response FR,(u) of the audio system with a target frequency response FRiarget (i)
with u as the discrete frequency index. As the frequency response is a property of the audio system that
does not consider the actual music signal in any way, a weighting was already introduced in [16] that uses
a normalized signal spectrum M,(u). This allows to get the first analysis result for timbre by calculating the
mean absolute value (across the Ny frequency bins) of the weighted difference according to:

rir(a,n) = A}#Z | My () - (FRa (1) — FRerger (1)) | )
u



It was observed when analysing the auditory results for the other quality attributes, that this analysis is reason-
ably correlated with the other two attributes as well. Accordingly, it is used in all analysis blocks:

ripla,n) = rir(an) (3)
rig(a,n) = rir(a,n) “4)

Three other analyses for timbre also focus on the transmission characteristics of the audio system by comparing
the reference signals x,(k) that were fed into the audio systems with the recorded signals m, (k) in different
spectral representations.

Two analyses calculate percentiles of differences of averaged blockwise Fourier transforms (denoted X,(u) and
M, (1) in dB, respectively) in specific frequency ranges that were identified as particularly important for the
judgement of the test subjects. The Fourier transform uses a block length of 4096 samples with a Hann window
and 50 % overlap. The two frequency bands are denoted as bass from 60 Hz to 250 Hz and upper midrange from
2000 Hz to 4000 Hz. The two analysis are formulated with & as the E-th percentile across frequency as

nrT (aan) = Ps (Xn,bass(ﬂ) *Ma,n,bass(u)) %)
3T (aan) = Py (|Xn,upper midrange(“) _Ma,n,upper midrange(.u)|) (6)

The hearing model from [17] is used to calculate hearing model spectra (denoted %, (Unm) and . ,(Unm),
respectively) and the mean absolute difference between the two spectra is used as the fourth metric for timbre.

1
Z |<%1(.uhm) - '///a,n(.uhm” @)
Hhm' fiym

r4’T(a,n) =

Finally, one analysis, the spectral flux according to [1], is used as r5r(a,n) to roughly quantify the temporal
behaviour of the audio system.

4.2 DISTORTION ANALYSES

In addition to the aforementioned frequency response metric i p(a,n), the analyses for distortion mostly aim
at quantifying non-linearities. One example metric was also already introduced in [16]. It is closely related to
the total harmonic distortion but uses only the power of a select few harmonics in relation to the power of the
fundamental:

Py 11(a,n)
Pi(a,n)

The next two analyses are based on an analysis of the spectrogram of the sweep measurement with an image
processing approach. A detailed description of the methodology is beyond the scope of this overview. The anal-
yses quantify the amplitude and the spread of the harmonics separately for low (3 p(a,n)) and high (r4 p(a,n))
frequencies.

®)

ryp(a,n) =

In a similar vein to the timbral analyses, there is also one analysis for distortion that mainly considers temporal
characteristics. Modulation spectra Xmodn(4,Umod) and Mmod.an(A,Hmod) (With A as the index of the analysis
frame and Uyoq as the modulation frequency) are calculated and the mean value of the difference between the
spectra across the N, analysis frames and the N, _, modulation frequencies is used according to

1
Z Z Xmod,n(}L ’ .umod) - Mmod,u,n (ﬁ,, ,umod) (9)

r an) —= —
57D( ’ ) Nl.NlJmod A Hmod

4.3 IMMERSION ANALYSES

It is known that there is a fairly strong relation between the spectral structure of a signal and the spatial per-
ception with, e.g., different frequency bands contributing differently to localisation cues (cf. [10]). Accordingly,
it is not surprising that there is a strong overlap between the analyses for timbre and immersion.
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In fact, there are two analyses that are identical and one that is very similar. As denoted before in Equation 4,
the frequency response analysis is used here as well. The same holds for the spectral flux according to [!].

ryi(a,n) =rsy(a,n) (10)

The third analysis is a variation of Equation 6 — the only difference is that the difference between the averaged
Fourier transforms is used instead of the absolute value of the difference.

’"3,1(61,71) = Py (Xn,upper midrange(“) _Ma,n,upper midrange (/.L)) (1D

The final two analyses are very specific for immersion. They are based on a binaural hearing model [14] that
provides information about the spatial distribution of sound sources in the signals in the form of correlograms
Xeorrn(A,T) and Meorr g n(A,7) with T as one of the N; considered lateralizations. Differences between the cor-
relograms are then used to quantify changes in the spatial representation (cf. [12]). The percentile is determined
across the entire correlogram difference, i.e., across all frames and all lateralizations.

r4,1(a7n) = s (Xcorr,n (A,, T) _Mcorr,a,n(la 7)) (12)

1
rS,I(a7n) = N.-N. ZZ (Xcorr,n(la T) _Mcorr,a.n(}l, T)) (13)
TA T

S PREDICTION RESULTS

Since the listening tests compare two signals, the differences between the analyis results for two signals are
used as the input for a random forest regression (50 trees, at least 3 samples per leaf). Three different auditory
tests according to the procedure described in [13] were carried out — two of these are used for training the
random forests, the remaining test is used as a validation data set.
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Figure 3. Prediction results for timbre

All result figures are scatter plots of the auditory mean opinion score (MOS) against the instrumental MOS.
The left subfigures contain the results for the training data while the right subfigures give the results for the



validation data. The results are averaged across the different songs that were used. Thus, the blue points always
represent comparisons between two audio systems. For a perfect prediction, instrumental and auditory results
would be identical and all points would be on the main diagonal. In particular for the validation data, this is
not realistic as, e.g., the context of the listening test was different. To compensate for this, a monotonic third
order mapping function (cf. [6]) is determined that shifts the instrumental results towards the main diagonal.
This mapping function is depicted as the dashed red line in the figures and root mean square error (rmse)
as well as the largest absolute difference (maxabs) between the auditory results and the mapped instrumental
results is given. These two values quantify both the average and the worst case performance of the instrumental
assessment.

The results for the quality attribute timbre are shown in Figure 3. Looking at the results for the training data,
it can be observed that the utilized regression algorithm is capable of reproducing the auditory results from
the results of the chosen analyses. There is a small residual error due to the parameterisation of the random
forest — having more than one sample per leaf effectively removes the capability of the regressor to perfectly
memorize the training data.

The validation data set can be predicted satisfactorily, the instrumental assessment models the auditory results
well. The error is unsurprisingly higher than for the training data. There is also a visible tilt in the data
points: The instrumental results cover a range of approximately 3 points on the rating scale while the auditory
results only cover a range of slightly more than 2 points. The instrumental assessment slightly overestimates
the perceptual differences in this data set.
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Figure 4. Prediction results for distortion

The results for the distortion attribute are depicted in Figure 4. As before, the training data is reproduced very
well, both the average and the maximum error are even smaller than for timbre. At least part of the reason
for this better performance is the limited range of values that is present in the auditory data for this attribute:
There are barely any data points beyond +1.

This is even more pronounced for the validation data: Only a very limited range of ratings was observed for
these audio systems. Nevertheless, the instrumental assessment is capable of distinguishing between the audio
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systems quite well. Again, the differences are overestimated compared to the auditory results leading to a
shallow slope of the mapping curve.
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Figure 5. Prediction results for immersion

Lastly, the results for immersion are given in Figure 5. The results for the training data are very similar to the
results for timbre. The average and maximum error are slightly better than timbre but worse than distortion.
The range of values in the auditory results is £2.

The performance for the validation data is quite different from the other to attributes. There is no overesti-
mation, the mapping curve is very close to the main diagonal in the range where any results are located (i.e.,
+1.7). The average and maximum error are clearly the highest, though. A particular issue is the vertical group
of data points around an instrumental result of 0. The instrumental assessment is not capable of distinguishing
between these systems but the test subjects perceived a quality difference.

In general, the assessment system is capable of approximately predicting the auditory results for all three qual-
ity attributes well. There are some cases of overestimations for timbre and distortion and a slightly inferior
prediction performance for immersion. The reason for these is certainly the limited amount of auditory data
that was available for training the regression stages.

6 CONCLUSIONS

An overview of an instrumental assessment system for audio quality was presented and the necessary analy-
ses were described. Similarities and differences between the analyses for the three quality attributes timbre,
distortion and immersion were highlighted. The system utilizes five analyses for each attribute.

Example results of the assessment system confirm that the chosen analyses provide meaningful information
concerning the perceived quality of the audio systems. The performance of the system for the training and the
validation data was discussed separately for the quality attributes showing that while the performance in general
is very satisfactory, there are some differences in detail that require further investigation and additional auditory
tests.
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