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Abstract

Loudness, sharpness, tonality, roughness, fluctuation
strength, relative approach, Fast Fourier Transform,
modulation spectrum (and many others ...) The num-
ber of acoustic analyses can be daunting for inexpe-
rienced users. One consequence of this is that even
when there may be a perfect match between an in-
dustrial problem and an acoustic solution, this link
can be obfuscated by the lack of user expertise. We
propose a new solution paradigm for this problem: we
train an Al model able to perceive the prominent psy-
choacoustic characteristics of sounds and combine it
with domain knowledge for improved analysis param-
eterization. This allows us to tailor analysis recom-
mendations based on the symbiosis of how the sound
is perceived by people together with expert domain
knowledge. This is achieved by a psychoacoustic-
based network pre-training coupled with a fine-tuning
step using expert-generated listening test results on
strongly diverse industrial sounds. The results of
the model are then piped into a rule-based model
extracted from expert knowledge. We show that the
model can achieve good results in predicting expert
ratings and can produce helpful recommendations.
This is a first step in the direction of fully automated
acoustic analysis recommendations, which we believe
can empower a whole class of non-expert users.

Keywords: Psychoacoustic, AI, recommendation system,
hybrid method, sound classification

1. Introduction

The importance of sound for the design of many indus-
trial products continually increases. Interior vehicle
noise, household appliances, information technology
equipment, and consumer devices are all judged not
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only by their performance, but also by how they sound.
The question "how it sounds”, however, is far from
trivial and often the realm of psychoacoustics [1], [2],
(3], [4], [5]. Additionally, even outside perception,
acoustic signals can be used to identify anomalies [6],
[7] or classify sounds [8] with appropriate features,
for example, the relative approach [9], [10]. In most
cases, one can expect to almost always find an ideal
acoustic analysis (or combination thereof) that is able
to sufficiently analyze a given industrial problem. Not
surprisingly, since the number of possible acoustic
analyses and their parameters is very diverse [11].
While this rich toolbox enables very detailed assess-
ments, it also creates a non-trivial decision problem
in daily practice, namely which analysis to solve and
how to parameterize it. Usually, expert users develop
good intuition over years of project work, but if we
desire to properly democratize acoustic analysis even
for non-experts, this is not the solution.

On the positive side, machine learning is increasingly
used as a flexible glue in acoustics between physical
descriptors and perceptual judgments. The AI-SQ
Metrics framework proposed by Sottek and Lobato[5]
uses machine learning models to learn non-linear com-
binations of psychoacoustic and spectro-temporal pa-
rameters that better match listening test results than
classical linear regression. Those relations can even be
made interpretable by leveraging KANs [12]. Large
foundational network models are also able to learn
good general audio features [13], [14] for more complex
problems, although with the disadvantage that they
are not interpretable. However, we can still be con-
fident that such models are able to learn reasonable
perceptual characteristics of sounds.

In this work, we explore a psychoacoustic-based acous-
tic analysis recommendation framework that combines
interpretable domain knowledge with black-box foun-
dational models. For this, we fine-tuned a pre-trained
neural network to encode the main psychoacoustic
characteristics of sounds based on expert listening-
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test data for a broad set of industrial sounds, so that
the network can approximate expert judgments in a
perceptually meaningful embedding space. This classi-
fication of "what prominent psychoacoustic properties
are in the sound” can be exploited with domain knowl-
edge (here, a rule-based approach) to propose ideal
analyses from a set of known useful analyses. In this
way, we can propose recommendations with "black-box
accuracy” while retaining complete interpretability of
results. We demonstrate that the resulting system can
reproduce expert ratings with good accuracy while
providing practically useful analysis suggestions for
any user.

2. General Approach

Our main idea is divided into a couple of steps. First,
we want to learn a classifier that, based on an audio
signal, can tell us which psychoacoustic phenomena
are present in the sound. We may also want to get
a "general idea” of where in the frequency domain
a phenomenon occurs (i.e. which frequency). This
is useful for some analyses that are band-dependent.
For those, we use neural surrogates such as those pre-
sented in [15]. Based on those properties, we select
the appropriate analyses that would be able to prop-
erly evaluate them by leveraging expert know-how. A
scheme of this process can be seen in Fig. 1.

Psychoacoustlc
model
| | [
Neural
Audio | HIEEEES Expert Know-How

Analysis
suggestions

Figure 1: General description of our recommendation
system.

3. Methodology

3.1. Psychoacoustic model

3.1.1. Data

We trained a model to predict whether a given param-
eter is relevant (to be analyzed) for a given sound. In
theory, we could take any dataset, calculate psychoa-
coustic parameters on it, and then define a threshold
for relevance for each one. The problem with this
approach, however, is that it completely ignores the
contextual information of the sounds. For example, a
value of 0.5 Tugprs may be deemed too high/tonal
for a toothbrush, while being too low for a flute sound.
Thus, contextual information is important and re-
quires expert judgment, which we use as training
labels for our model. This also brings the point that
we need a dataset for the context we want to evaluate.
In this work, we focused on machine sounds, such as
cars, hair trimmers, coffee machines, vacuum cleaners,
and so on -mainly machines for which manufacturers
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may want to optimize sound quality. In total, we
prepared an internal dataset of 400 highly curated
real sounds. These were evaluated by seven expert
acoustic engineers with binary questions for each anal-
ysis (relevant / not relevant) in a listening test (with
calibrated reproduction systems from HEAD acous-
tics). The listening test was divided into four sections,
each containing 100 sounds. In addition to the real
data, we also trained the model with synthetically
generated sounds that represent standard sounds for
each analysis, such as modulated sine waves. This
additional dataset serves to make sure the model can
respond well also to synthetic (noiseless) data, which
may be the case in applications such as sound design.
The number of those sounds was 251, and they were
used only for model training, not for the listening test.
This number was selected as the maximum such that
the accuracy on the real sounds did not decay by more
than 1%.

3.1.2. Model

We fine-tuned a pre-trained model, namely the Effi-
cientAT mnl0_as [16], pre-trained on AudioSet [17].
The training was done in PyTorch as a multi-label
problem using the AdamW optimizer. This model is
relatively small and thus friendly to edge deployment,
with both a low memory footprint and low latency. To
investigate the accuracy of the model, we performed
a 4-fold cross-validation (each fold corresponding to
one listening experiment) and evaluated the accuracy
of the out-of-fold predictions. As a baseline for the
model, we compared it to an ”ideal” psychoacoustic
threshold for each analysis, fitted with a logistic regres-
sion based on the listening test data. Even though
this disregards contextual information, we will see
that it is still a very strong baseline. Additionally, we
compared the model results to the expert evaluations
by investigating how well one expert can predict the
average recommendation of the others.

3.2. Neural Surrogates

We generated three neural surrogates, namely for
tonality, roughness, and fluctuation strength, all based
on the Sottek Hearing Model described in ECMA [3].
All were generated using the same process as in [15],
and indeed, the tonality model is the same. For rough-
ness and fluctuation strength, however, a larger block
size is needed to obtain the fine-grained results neces-
sary for the time-frequency analysis. We simply used
a longer block size for those in a way that matches
the ECMA standard [3]. We also modified the ar-
chitecture by replacing the GRU layer with a causal
transformer with multi-query attention. A detailed
description of the surrogates is planned for a possible
future work. The actual deployment of the model was
done using ONNX [18].

3.3. Analyses
For the first version of our model, we focused on the
following analyses:

e Main psychoacoustic analyses: loudness, tonal-
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ity, roughness, sharpness, fluctuation strength,
impulsiveness.

e Relative Approach.
o STFT (Short-Time Fourier Transform).
e Modulation spectrum.

Some of these analyses have parameters that we se-
lected as a function of the previously calculated met-
rics. For example, let us say our neural models have
shown that roughness is relevant for an audio signal,
and the main frequency band of it is around 1 kHz. We
may want to calculate its exact modulation frequency,
from which we can calculate the modulation spectrum
centered at 1 kHz and with parameters that emphasize
roughness-relevant frequencies, namely approximately
from 20 Hz to 100 Hz. As another example, we may
get the information that we have impulsiveness in the
signal but no tonality, so we can parameterize the Rel-
ative Approach analysis to focus on time-patterns. All
these evaluations require domain knowledge that can
be very elegantly combined with the neural surrogates,
which have basically no perceptual latency.

4. Results

4.1. Psychoacoustic model

Results of the model compared with psychoacoustics
and the average expert can be seen in Figures 2 and 3.
We can verify that our psychoacoustic model has high
accuracy for most analyses, which is above that of the
(context-less) psychoacoustics, with the exception of
impulsiveness. An improvement can be seen mainly
for the fluctuation analysis, indicating that it contains
a very strong context dependency. We also see that
when we compare the results to the expert listeners
from the listening test, the psychoacoustic model pre-
dictions are pretty good, being better than most of
the individual expert listeners. These results indicate
that our model works really well, and even though it
is not perfect, it has equivalent performance both to
experts as well as (contextual-less) psychoacoustics,
while having a latency of less than 20 ms/s on an old
Xeon W-2145 CPU. This latency is barely perceptible
in regular use, even when a project with many files
should be analyzed.

4.2. Recommendations

The recommendations are based fully on domain
knowledge and thus are a "white box” that can be
modified as needed. However, to show the effect a
good parameterization can have, we prepared two re-
sults for the following analyses: Relative Approach
and Modulation Spectrum, both of which are notori-
ously challenging to parameterize. The comparison to
the standard parameters for the modulation spectrum
can be seen in Figures 4 and 5 for a fluctuation sound
with a low modulation frequency. We see that the de-
fault analysis goes up to 750 Hz, which is just too high
for this type of fluctuation, and thus it becomes very
difficult to resolve the modulation. On the other hand,

Accuracy of predictions from expert evaluations
4-fold cross-validation average with 100 sounds per fold
® Psychoacoustics Analysis ® Psychoacoustic Model

0.5 0.6 0.7 0.8 0.9 1.0
Impulsiveness L
Fluctuation ® °
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Sharpness DIN ° °
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Figure 2: Comparison of the trained model with the ideal
threshold of psychoacoustic analysis on out-of-fold data.
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Figure 3: Comparison of the psychoacoustic model to
the agreement of the individual listening-test experts with
the average of the remaining experts.

the AI recommendation, based on our psychoacoustic
model and neural surrogates, is able to pinpoint that
we have a fluctuation and also in which band this
fluctuation is prominent. Thus, we are able to see
results with a considerably better resolution.
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Figure 4: Example of the modulation spectrum of a fluc-
tuating signal using parameters suggested by our frame-
work (reduced time-axis due to analysis parameters).

In Figures 6 and 7, we see an example of using the
Relative Approach on an impulsive sound. We see
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Figure 5: Example of the modulation spectrum of a
fluctuating signal using default parameters.

that the suggested parameters allow a considerably
less noisy result, especially at lower frequencies.
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Figure 6: Example of the relative approach of an impul-
sive signal using parameters suggested by our framework.
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Figure 7: Example of the relative approach of an impul-
sive signal using default parameters.

These are improvements that users of such tools get
“for free” in the sense that no expensive calculation is
necessary.

5. Conclusion

We proposed a framework that combines neural net-
work models and domain expertise to provide analysis
recommendations in acoustic analysis. This was done
by first classifying the prominent psychoacoustic char-
acteristics of a sound, then finding the location of
the most prominent events through neural surrogates,
and, at last, combining this information with domain
knowledge. Our framework was able to reproduce es-
timates from experts with very high accuracy (about
84%) while being equivalent to calculating individual
psychoacoustic metrics; however, it does so with a
minimal latency of only a couple of milliseconds. It
was also shown how some results can be improved by
ideal parameterization, and that our method is able
to achieve this by leveraging domain knowledge. We
note that our method still has some limitations in the
sense that we may still expand it to more analyses
and that our rules are focused mainly on stationary
sounds. Still, we believe this work to be a fundamen-
tal stepping stone toward the goal of democratizing
acoustic analysis for non-experts.
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