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ABSTRACT

Measuring a speaker’s ability to respond to an instantaneous pulse of energy will result in distortion at its output.
Factors such as speaker geometry, material properties, equipment error, and the conditions of the environment will
create artifacts within the captured data. This paper explores the extraction of time-domain features from these
responses, and the training of a predictive model to allow for classification and rapid quality analysis of non-sonic
parameters.

1 Introduction

When a speaker produces distortion, the recorded wave-
form can correlate to non-sonic design parameters of
the system. Consider the step response of a speaker
with high inertia. The geometry of the distorted wave-
form in the output could be modulated by the amount
of windings in the coil, the mass of the driver, or the
rigidity of the cone material [1].

Fig. 1: Square wave half-cycle: 8 Q added series resis-
tance (Top), speaker only (Bottom)

This paper demonstrates that supervised machine learn-
ing can be applied in the analysis of speaker distortion
to deduce a physical design parameter for the purposes
of quality assurance. A classifier using Linear Dis-
criminant Analysis [2] will demonstrate that non-sonic
parameters can be correlated to features extracted from The paper then discusses the methodology behind the
recorded audio. The non-audio parameter selected for audio capture, windowing, and pre-processing [4]. Fea-

classification is additional series resistance, as it can
be quickly changed. As shown in Figure 1, the change
in damping associated with increasing resistance [3] is
also easy to visualize.
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ture extraction, reduction, and selection are discussed
[5]. The results will be presented and a confusion
matrix elaborating on the error distribution will be pro-
vided and explained [2].

The paper concludes with an explanation of the use case
of supervised machine learning in quality assurance.

2 Methods

The speaker selected was a 6.5" Tannoy 608 bookshelf
speaker. To eliminate additional energy storage, the
tweeter and crossover circuit were removed. Figure 2
shows the microphone and speaker prior to placement.

Fig. 2: Microphone and speaker in anechoic chamber

Each recording involved the speaker playing a 90 Hz
square wave measured at 100 dBA. During playback,
the microphone slowly but constantly moved radially
across the speaker to avoid over-training on specific
positions. A Shure SM-57 was selected due to the need
for low handling noise. A Dynamount X2-R hosting a
secondary mount provided additional shock protection
[6]. The captures were recorded at a sampling rate of

96 kHz and a bit depth of 24 bits. The travel time across
the speaker is approximately 2 full minutes from edge
to edge. Captures were performed at five fixed axial
distances ranging from 2" to 14", and under three con-
ditions: 0, 1.5, and 3 Q of added series resistance. The
training dataset was recorded in anechoic conditions,
and the testing dataset in non-anechoic conditions [4].

For pre-processing, the signals were separated into
individual square wave cycles. To maintain proper
alignment, the second derivative of each cycle was
calculated and 1067-sample windows were created be-
ginning at the first inflection point of each cycle [7].
Once the samples were separated into windows, each
window was normalized to -13 dbFS. No equalization
or other effects were used. Each distance setting is
equally represented within the dataset.

Audio was converted to CSV format and processed
using LibEMG [5]. While LibEMG was initially de-
veloped for myoelectric control systems, the feature
extractor was effective at extracting more then 50 fea-
tures. Minimum Redundancy Maximum Relevance
(mRMR) [8] reduced the feature set to a ranked list
of the best 30 features. Sequential feature selection
[9] further reduced this, only including features that
improved cross-validation accuracy by over 1% [2].

Table 1: Selected features.

Feature Name
PAP Peak Absolute Power [10]
LS L-Score [5]

™ Temporal Moment, 3rd Order [5]

A biplot of the selected features in principal component
space [2] was created to ensure that the vectors were not
redundant and pointed in the directions best describing
the variances within the principal components. Figure 3
shows the first two principal components, Figure 4
shows the second and 3rd. It was observed that the
PAP feature [10] explained the most variance out of all
of the features.

A basic LDA classifier was applied using the selected
features, as shown in Figure 5.
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Fig. 3: Biplot over first two principal components
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Fig. 4: Biplot over second and third principal compo-
nents

3 Results

Figure 6 shows that prediction accuracy on the non-
anechoic test dataset reaches 79% when using the three
selected features. The confusion matrix is shown in
Figure 7. Error is lowest when no additional resistance
is present.

4 Discussion

It was observed that most of the error is associated
with added resistance. It is suspected that the classifier
is occasionally having difficulty with separability be-
tween the samples containing proximity effect and the
samples containing added resistance. This effect can
also be observed by the chaotic distribution of the 3Q
values in Figure 7. Nonetheless, 79% accuracy on a
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Fig. 5: LDA decision boundaries over first two princi-
pal components

classifier would be considered a successful model. It
is expected that if all of the windows captured at 2"
were removed from the dataset, this error would be
significantly reduced.

5 Conclusion

This study shows that machine learning can provide
a practical, data-driven alternative to traditional QA
testing. Pushing a speaker into distortion and analyzing
its time-domain response may allow for component-
level diagnostics without relying on inference from
standard performance metrics.

6 End Notes
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Fig. 6: Scree plot after feature reduction
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Fig. 7: Confusion matrix for LDA classification
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