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Abstract

Dataset augmentation techniques have been widely used to achieve state-of-the-art results in Music Information
Retrieval tasks. However, their application in music emotion recognition (MER) remains underexplored. MER methods
are particularly relevant to the design of smart musical instruments (SMIs), as emotionally aware SMIs have the poten-
tial to enrich musical interaction by providing feedback to musicians or dynamically adjusting their sound properties.
In this study, we analyze the effect of 11 augmentation techniques on emotion classification in guitar recordings
using a convolutional neural network. Our dataset consists of approximately 400 guitar recordings labeled with four
emotions: aggressiveness, relaxation, happiness, and sadness. Results indicate that time shift, time stretch, and pitch

instruments

shift provide the most significant improvements in classification accuracy. Further analysis combining these tech-
niques under different settings yielded similar performance outcomes. A listening test confirmed that the applied
augmentations did not significantly alter the perceived emotional content of the recordings. These findings support
the development of emotionally aware SMIs by enhancing MER accuracy through data augmentation, ultimately
enabling more expressive and interactive music-making experiences.

Keywords Dataset augmentation, Music emotion recognition, Convolutional neural networks, Smart musical

1 Introduction

Smart musical instruments (SMIs) are an emerging class
of musical devices that incorporate sensors, connectivity,
artificial intelligence, and real-time feedback to enhance
musical performance and creativity [1]. These instru-
ments are envisioned to provide advanced functionali-
ties such as gesture recognition, adaptive sound control,
and interactive learning environments. One promising
application of SMIs is music emotion recognition (MER),
whose main goal is to map music to the emotions it con-
veys [2]. This would enable instruments to respond to
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the emotional content of music by providing feedback or
dynamically adjusting sound properties [3]

However, developing accurate MER systems requires
large and diverse labeled datasets, which are often time-
consuming to collect and annotate. This is especially true
for deep learning models with high capacity, i.e., a large
number of parameters, where the issue of overfitting the
training data is common [4].

Data augmentation techniques aim to mitigate this
problem by artificially expanding the training samples
of the considered dataset. This is achieved by applying
transformations or modifications to the original samples.
These techniques are commonly employed in various
deep learning tasks, such as computer vision [5], natural
language processing [6], and audio processing [7].

Besides increasing the number of available data
samples, methods for data augmentation also have a
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secondary effect: they tend to increase the robustness
of deep learning models by feeding distorted or modi-
fied versions of the original samples to the model dur-
ing training. Therefore, even if some augmentation does
not provide a significant increase in classification accu-
racy, it may still contribute to an increase in the model’s
robustness [8]. In the specific case of the audio domain,
an effective example of such increased robustness is
the ability of a model to properly classify noisy audio
samples after implementing specific data augmentation
during model training [8].

As described in the following section, some data
augmentation techniques have been explored in the
audio domain, mainly considering tasks related to
voice detection [9, 10], environmental sound classifi-
cation [11, 12], and music signals [13, 14]. Considering
the latter, the majority of contributions have concerned
the field of music genre classification [8].

While data augmentation techniques have been
explored for emotion recognition in speech sig-
nals [15], to the best of our knowledge, they have not
yet been systematically investigated in the context
of MER. Lately, this field has received considerable
attention from the research community [2, 16-20],
as it can be beneficial in several practical applications
such as music recommendation systems [21], music
therapy [22], and media content creation [23], among
others.

Although the MER field offers some publicly available
datasets, these datasets typically do not contain enough
samples to effectively train large deep learning mod-
els [19]. While some works have applied deep learning
techniques for MER tasks [24—28], the problem of arti-
ficially increasing the dataset for MER has been largely
overlooked thus far.

Our main aim with the present study is to fill this gap.
To do so, we thoroughly explore 11 data augmentation
techniques and assess which are the most convenient
when dealing with MER tasks. Given that MER is a rather
complex task, we decided to restrict our analysis to the
classification of emotions in guitar recordings, using the
dataset provided in [29]. As a first result, we offer insights
related to the effectiveness of each data augmentation
technique for the classification, providing the corre-
sponding variation in the model performances. Secondly,
we analyze the effect of applying multiple augmentation
techniques in combination (selecting from among the
best-performing ones). Moreover, we report the results
obtained by the statistical tests that we performed for
both the single and the multiple augmentation setup.

Finally, to verify whether the label (i.e., the emotion)
of each audio file is preserved after the application of the
data augmentation techniques, we conducted a listening
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test where we measured the variation of the perceived
emotions associated with different music excerpts.

The remainder of the paper is structured as follows.
Section 2 presents a brief overview of related work. Sec-
tion 3 describes the implemented audio data augmenta-
tion techniques, the main pre-processing steps, and the
deep learning model. Section 5 outlines the setup and
results of the listening test. Section 6 provides a general
discussion, including the main limitations. Finally, Sec-
tion 7 offers the concluding remarks.

2 Related works

As mentioned earlier, our literature review did not yield
any studies providing insights into the effect of data aug-
mentation techniques for the MER field. Therefore, here-
inafter we aim to offer a general overview of the main
contributions related to data augmentation in audio, spe-
cifically within the realm of Music Information Retrieval
(MIR).

Initially, data augmentation techniques have been pri-
marily applied in the field of computer vision [30], yield-
ing impressive results when dealing with large deep
learning models [31]. Common data augmentation tech-
niques for image data include rotation, flipping, transla-
tion, scaling, and brightness adjustment. While these
methods are effective for natural images, they are gen-
erally not suitable for audio signals—even when audio
is converted into spectrograms, which resemble images
visually. This is because transformations such as rotation
or flipping can distort the time-frequency structure of a
spectrogram in ways that do not correspond to realistic
variations in sound. For example, flipping a spectrogram
vertically would invert the frequency axis, which has no
meaningful interpretation in most audio contexts, and
rotating it would scramble the relationship between time
and frequency, severely degrading its utility for model
training. Nonetheless, some studies have shown that
such image-based augmentations can still improve audio
classification performance in certain settings, despite
their lack of semantic relevance [32]. Therefore, with the
increasing interest in deep learning models, the audio
research community had to develop their own specific
transformations to artificially increase the datasets.

The literature provides different studies implement-
ing dataset augmentation for speech recognition (for
recent works, the reader is referred to [33-35]). These
works typically incorporate specific augmentations
suited for voice signals, such as vocal tract perturba-
tion [36]. Other studies have implemented dataset aug-
mentation techniques for the task of environmental
sound detection [11, 37, 38]. In particular, the study
reported in [11] implemented four different augmenta-
tion techniques, namely time stretching, pitch shifting,
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dynamic range compression, and background noise
addition. Results showed that pitch shifting had the
greatest positive impact on accuracy, being the only
one to provide a positive effect for all the considered
classes.

Data augmentation techniques have been increasingly
explored in the field of Music Information Retrieval
(MIR), particularly over the past decade [19]. Most of
these studies employ convolutional neural networks
(CNNs) to evaluate the effectiveness of various aug-
mentation methods across different MIR tasks [39-41].

In [39], the authors used a CNN to investigate the
impact of seven data augmentation techniques—
including four specific to audio signals—for the task
of singing voice detection. These augmentations were
applied directly to spectrograms, with pitch shifting
identified as the most effective technique.

In [40], the authors used a CNN to compare four
audio data augmentation techniques for the task of
instrument detection: pitch shifting, time stretching,
background noise addition, and dynamic range com-
pression. Unlike the previous study, these techniques
were applied in combination, resulting in four con-
figurations: (1) pitch shift only, (2) pitch shift followed
by time stretch, (3) pitch shift, time stretch, and noise
addition, and (4) all techniques combined. The study
reported a 2% increase in accuracy using pitch shift
alone, with no statistically significant difference com-
pared to the other augmentation combinations—all
approaches resulted in similar accuracy improvements.

Similarly, the study in [41] evaluated the effect of four
augmentation methods—noise addition, loudness vari-
ation, time stretching, and pitch shifting—using a CNN
for the task of music genre classification. Consistent
with previous studies [39, 40], pitch shifting (especially
with a one-semitone increment or decrement) was
found to be the most effective technique.

A more extensive investigation of data augmenta-
tion is presented in [8], which differs from the previ-
ous works by employing traditional machine learning
techniques instead of deep learning models. This study
analyzed the effect of 12 audio transformations and
explored the role of segmentation in music genre clas-
sification. Time stretching was identified as the most
effective augmentation. The authors also examined the
impact of creating 1, 2, 4, and 14 augmented versions
per sample. Interestingly, a single augmented version
already yielded significant accuracy improvements,
with additional versions offering diminishing returns.
As previously mentioned, a limitation of this work is
the exclusion of neural network-based models, focusing
instead on classical machine learning approaches.

(2025) 2025:38

Page 3 of 15

3 Methodology
In this section, we describe the data augmentation tech-
niques we implemented, provide a concise overview of
the dataset, elaborate on the pre-processing phase, and
delve into the details of the deep learning model used in
our experiments.

3.1 Data augmentations

In this section, we provide a brief description of each
augmentation technique employed in our study. Prior
to applying these techniques, all audio files were loud-
ness-normalized using pyloudnorm, a Python package
that calculates integrated loudness in accordance with
the ITU-R BS.1770 standard. A comprehensive list with
the associated parameters is reported in Table 1, which
also indicates the library used for implementing each
augmentation (if applicable). It is worth noting that the
parameter range for each augmentation technique was
empirically determined through informal listening tests
conducted by the authors, with the aim of creating sam-
ples with enough variability without excessively distort-
ing the original audio (e.g., from —3 to +3 semitones for
the pitch shift augmentation technique). The effective
value was then randomly sampled within the given inter-
val. In the case of pitch shift, resampling, and time shift
(with time shift measured in samples), we sampled inte-
ger numbers, while for all other cases, we sampled float-
ing-point numbers. For these latter cases, the sampling is
always uniform, except for high pass and low pass filters,
where the sampling is logarithmic. In cases where a data
augmentation technique presents more than one param-
eter, we specify the possible range for the main parameter
and set all other parameters to a plausible fixed value. For
example, in the case of the compressor, the ratio was set
within the range [1, 4], while all other parameters were
pre-tuned and kept fixed. Since, as we just mentioned,

Table 1 Data augmentation techniques and their corresponding
parameter settings

Augmentation Module/tool Range of values

Compressor pedalboard Ratio: 1 to 4

High pass pedalboard Cutoff frequency: 200 to 2000 Hz
Low pass pedalboard Cutoff frequency: 500 to 5000 Hz
Noise addition numpy Percentage factor: 0 to 0.05

Pitch shift librosa Semitones: —3 to 3

Random gain Python Gain:08t0 1.2

Resampling pedalboard Sampling rate: 11025 to 22050 Hz
Reverb pedalboard Room size: 0 to 0.1

Saturation pedalboard Saturation level: 0 to 20

Time shift Python Time shift: 0to 1.5s

Time stretch librosa Stretch ratio: 0.97 to 1.03
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the audio files were normalized in loudness prior to aug-
mentation, we defined a plausible value for the compres-
sor’s threshold and modified only the ratio to generate
augmented samples. Regarding the low-pass and high-
pass filters, note that the chosen cutoff frequencies may
affect the guitar’s fundamental frequencies (F0), which
typically range from about 80 Hz to 1.2 kHz, potentially
resulting in a clearly audible change in the sound. This is
not the case for resampling: when set to its lowest value
(11,025 Hz), it only removes frequency content above
approximately 5.5 kHz, as determined by the Nyquist

limit.

Compressor.

High pass.

Low pass.

Noise addition.

An audio compressor reduces the
dynamic range of an audio signal by
attenuating the amplitude of loud
sounds and amplifying softer sounds.
The ratio range was set from 1 (no
compression) to 4. We utilized the
compression module provided by the
pedalboard library by Spotify [42].
A high-pass filter allows frequencies
above a certain cutoft frequency to
pass through while attenuating fre-
quencies below that cutoff frequency.
We used pedalboard and defined
the cutoff frequency in a range from
200 to 2000 Hz. The sampling of the
effective value was performed loga-
rithmically to adhere to the curve of
human perception of frequency.

A low-pass filter allows frequencies
below a certain cutoff frequency to
pass through while attenuating fre-
quencies above that cutoff frequency.
We used pedalboard and defined
a range between 500 and 5000 Hz
for the cutoff frequency. Also in
this case, the value was sampled
logarithmically.

Noise addition refers to the process
of adding various types of noise to
the original audio samples. In our
case, we implemented white noise
addition using the numpy library.
The noise percentage factor—which
controls the relative amplitude of
the added noise with respect to the
standard deviation of the original
signal—was sampled from the range
[0, 0.05].
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Pitch shifting is a digital audio pro-
cessing technique used to alter the
pitch of a musical signal while pre-
serving its duration, without affect-
ing its tempo or timing. We used the
librosa library [43] and defined a
range between —3 and +3 semitones.
Random gain refers to a technique
where the gain (i.e., the amplitude
level) of an audio signal is randomly
adjusted within a specified range.
We implemented this augmentation
directly in Python, considering the
range of gains in [0.8, 1.2].
Resampling is a technique used
to modify the sampling rate of an
audio signal while maintaining
the original content and duration.
In our study, we randomly down-
sampled audio within the range
11025-22050 Hz and then upsam-
pled it back to 22050 Hz to main-
tain a consistent output rate. This
procedure was implemented using
the pedalboard library, which at the
time (early 2024) applied the Win-
dowedSinc interpolation algorithm
by default.

Reverb is the reflection of sound that
persists after the sound source has
stopped. It can be artificially simu-
lated in audio processing to create
ambiance or spatial effects. In our
case, we used the pedalboard
library and set the range [0, 0.1] for
the room size parameter.

Saturation is a distortion effect that
adds warmth and richness to audio
signals by intentionally overloading
the digitally simulated circuitry, often
mimicking vintage analog equip-
ment. We implemented it by using
pedalboard and set the range of
the saturation level from 0 to 20.
Time shifting consists of shifting the
temporal position of an audio signal
along the time axis, resulting in a
time offset of the samples relative to
their original position. We applied
a shift randomly selected from the
range of 0 to 1.5, which corresponds
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to [0, 33075] samples at a sampling
rate of 22,050 Hz. This augmentation
was implemented directly in Python.
Time stretching is a digital audio pro-
cessing technique used to adjust the
duration of an audio signal without
affecting its pitch. It involves stretch-
ing or compressing the audio wave-
form in time. We used the 1ibrosa
implementation, setting the val-
ues of the stretch ratio in the range
[0.97, 1.03].

Time stretch.

3.2 Dataset and audio pre-processing

In our experiments, we utilized the dataset presented
in [29], which is currently not publicly available. Com-
prising 391 original short guitar pieces performed on
acoustic and classical guitars, the dataset reflects unre-
stricted choices in technique, expression, style, genre,
harmony, and tempo [29]. The audio excerpts vary in
length, with a minimum of 12.4s to a maximum of
75.5s. The ground truth is composed of 4 possible labels:
aggressive, relaxed, happy, and sad (in this order). The
classification task is assumed to be song-level MER, as
the label remains fixed for the entire duration of each
music excerpt [19].

The dataset creators provided two possible label config-
urations: the first for the intended labels (i.e., the emotion
provided by the musician who composed and performed
the piece), and the second provided by a listening test.
In this latter case, each audio track was listened to and
evaluated by 16 listeners, who gave a score in a range of
7 values (from — 3 to + 3) for each of the 4 emotions. For
example, a value of (3, — 3, 1, 0) indicates that the listener
found the musical piece to be very aggressive and not
relaxed at all, while perceiving the happiness and sadness
of the piece as negligible. We decided to utilize these lis-
tener-provided labels, as we were interested in the more
general case of emotions recognized by a listener rather
than the case of the emotions intended by a composer
(notably, the study reported in [29] showed that what a
composer intends at the emotional level may differ from
what listeners actually perceive). Moreover, the availabil-
ity of the 16 annotators allowed us to have more reliable
results in terms of perceived emotion. In fact, as stated
in the MER survey provided in [19], ‘different people may
have different emotional perceptions of the same music,
even the same person is also inconsistent in different times
and situations”. Therefore, as the first step, we computed
the average among the 16 evaluations of each musical
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piece and assigned the highest value as the label for the
classification task, thus casting the problem into a multi-
class classification problem. Notably, four compositions
were discarded as they elicited more than one emotion
with the maximum value (i.e., they were characterized by
an ambivalent emotion [29]).

We would like to emphasize that a multi-class approach
is not the only option; rather, it is a simplification
intended to keep the problem manageable. Even when
excluding ambiguous songs (i.e., those with two emotions
having the exact same value), a musical piece may still
exhibit one dominant emotion alongside another with a
high score. Therefore, a multi-label approach—where a
song can be associated with multiple emotions—could
provide a more representative model. The main challenge
with this approach lies in defining a reasonable threshold
for the emotion scores, based on average listener ratings,
to decide which emotions to include in the label encod-
ing. For example, if a threshold of 2 on a scale from —3
to 3 is used, a song with a mean score of 1.9 would be
labeled as absent (0), while a song with 2.1 would be
labeled as present (1), potentially causing confusion dur-
ing model training. Of course, alternative strategies such
as a regression approach can be employed to handle
labeling more effectively; however, we chose to keep the
problem simple, as the primary focus of this study is to
investigate the influence of data augmentation.

Following the application of the data augmentation
techniques, as elaborated later, each audio file was seg-
mented into 3-s segments, as recommended in [29].
Subsequently, the log mel spectrogram was extracted for
each sample, employing a short-time Fourier transform
with a frame size of 2048 samples, a hop length of 512
samples, and 128 mel bands, which are common values
employed for MIR tasks (e.g., [44]).

3.3 Deep learning model

The CNN is a very common deep learning architecture
for performing MER tasks [19]. Thus, we employed a
CNN for our evaluation. Specifically, the model was
implemented using the Keras API [45] based on the
tensorflow backend [46].

The model architecture follows designs commonly
used in MIR tasks [44, 47], but we implemented a more
compact CNN with approximately 33 K parameters, con-
sidering the limited size of the dataset. The main hyper-
parameters were also selected based on insights gained
from a previous MIR task involving electric guitar sam-
ples, where data availability was similarly constrained.
It is important to note that the primary objective of
this work was to assess the effectiveness of data aug-
mentation techniques in the realm of MER, rather than
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Table 2 Hyperparameters of the CNN model
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Hyperparameter

Value

Convolutional layers

4 (with 16 filters each)

Convolutional filters size 3x3
Convolutional stride 2
Activation function RelU
Max-pooling window size 3x3
Max-pooling stride 2
Dropout rate (dense layer) 0.2
Optimizer Adam
Learning rate 0.0001
Loss function Sparse categorical cross-entropy
Batch size 8
Number of epochs 20
Evaluation metric Accuracy

optimizing the model architecture to obtain the best pos-
sible accuracy.

The CNN architecture comprised four convolutional
layers, each followed by max-pooling and batch normali-
zation layers. The convolutional layers employed 16 3x3
filters with a rectified linear unit (ReLU) activation func-
tion. Max-pooling layers with a 3 x 3 window and a stride
of 2 were utilized for downsampling feature maps and
reducing computational complexity. Batch normalization
layers aided in stabilizing and accelerating the training
process. Additionally, a dropout rate of 0.2 was applied
to the only dense layer of the network (excluding the out-
put layer) to mitigate overfitting. The model was trained
using the Adam optimizer [48] with a learning rate value
of 0.0001. We opted for sparse categorical cross-entropy
as the loss function. The batch size was set to 8, and the
model was trained for 20 epochs. Accuracy served as the
default metric for evaluating the model’s performance.
For a summary of the model’s hyperparameters, the
reader is referred to Table 2.

4 Experiments and results
In our code!, we implemented a 3-fold stratified grouped
cross-validation using the implementation provided by
scikit-learn [49]. This approach ensures a balanced
number of samples per class in each fold. It also ensured
that pieces performed by the same musicians were not
present in both the training and validation sets, thus
eliminating the so-called “artist effect” [50].

During each iteration of cross-validation, the audio
files were augmented according to the augmentation
technique(s) being tested. For each technique, 10 runs

! Available at: https://github.com/michelerossil/data_augmentation_main_
code.
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were performed, resulting in a total of 30 training and
validation cycles. The results obtained from the 10 runs
were averaged, and the standard deviation was computed.

The prediction for the entire piece was accomplished
using the soft voting technique. This entails summing
the prediction values associated with each of the four
classes for all segments of a specific piece. Subsequently,
the class (i.e., the emotion) with the highest score was
selected as the model’s prediction.

4.1 Single augmentation

The initial experiment involved applying a single func-
tion during the training phase. For each sample in the
current training set, two samples were generated, with
the parameter of the augmentation (e.g., the stretch ratio
for time stretch) being randomly sampled from the speci-
fied interval (for details, the reader is referred to Table 1).
Subsequently, the model was trained using both the
original sample and the augmented ones. Notice that, as
previously mentioned, we created only 2 samples for each
original piece, according to the study reported in [8], as
elaborated in Section 2.

The results are presented in Fig. 1 and Table 3. Each
augmentation technique is represented by its mean value
across 10 runs, along with the associated standard devia-
tion. Notably, the effectiveness of the augmentation tech-
nique is better assessed by examining the accuracy on the
segment prediction. The accuracy on the entire piece can
vary based on the proportion of correctly classified sam-
ples within a particular musical excerpt. Consequently, a
piece is considered misclassified even if some segments
are correctly classified. However, this outcome would
also occur if all segments within that piece were classi-
fied incorrectly, leading to the same outcome at the piece
level, even for very different performances at the segment
level.

As evident from the figure, time shift, time stretch, and
pitch shift emerged as the top-performing augmentation
techniques in this experimental setup. They respectively
achieved a 3.6%, 2.5%, and 2.4% increase in segment-level
accuracy and a 4.8%, 3.3%, and 2.9% increase at the piece
level compared to the case with no augmentation. None
of the other 8 techniques yielded an accuracy increase
greater than 1.2% at the segment level. Interestingly,
although the segment-level increase was not significant
for these 8 techniques (see Section 4.3), their perfor-
mances at the piece level exhibited considerable variabil-
ity, as evidenced by the higher standard deviation. This
confirms our previous considerations on the scarce reli-
ability of the results at the piece level.


https://github.com/michelerossi1/data_augmentation_main_code
https://github.com/michelerossi1/data_augmentation_main_code

Rossi et al. EURASIP Journal on Audio, Speech, and Music Processing

0.65

(2025) 2025:38

Page 7 of 15

B Entire Piece
! Segment

|

0.60

o

n

vl
)

Accuracy

0.50 A

0.45

0.40 -

Fig. 1 Final accuracy value obtained after implementing the proposed data augmentation techniques. Both the segment-level accuracy

and the accuracy for the entire piece are shown

Table 3 Final accuracy values achieved after applying the proposed data augmentation techniques

Augmentation Segment Acc % Std Piece Acc + Std A Segment A Piece
No augmentation 0475 4+0.010 0.552 £0.028 0.000 0.000
Compressor 0476 £0.011 0.569 + 0.014 +0.001 +0.017
High pass 0478 £0.013 0.556 £ 0.016 +0.003 +0.004
Low pass 0483 £0.010 0.5754+0.013 +0.007 +0.023
Noise addition 0483 £0.010 0.562 £ 0.017 +0.007 +0.010
Pitch shift 0499 + 0.007 0.581 +0.016 +0.024 +0.029
Random gain 0476 +£0.011 0.563 +£0.015 +0.001 +0.011
Resampling 0482 £ 0011 0.576 +0.027 +0.007 +0.024
Reverb 0487 £0.011 0.573 +£0.023 +0.012 +0.021
Saturation 0477 £0.012 0.562 £ 0.026 +0.002 +0.010
Time shift 0511 +£0014 0.600 4 0.032 +0.036 +0.048
Time stretch 0.500 +£ 0.007 0.58540.018 +0.025 +0.033

Both the segment-level accuracy and the accuracy for the entire piece are reported. The rightmost columns show the absolute increase in accuracy with respect to the

baseline without augmentation

4.1.1 Experiment with a larger model

We also conducted an additional experiment aimed at
assessing whether a model with a much larger num-
ber of parameters can still benefit from data augmen-
tation. The motivation was to investigate whether the
effectiveness of augmentation persists even under con-
ditions with a substantially higher risk of overfitting.
While this scenario is not directly relevant for SMI
applications—where the model must remain compact—
we decided to include these results here as we believe
they can still provide valuable insights.

For this purpose, we implemented a model based on
the well-known VGG-16 architecture, modifying it to
have approximately 1 million parameters, compared
to only 33,000 in our reference model. Specifically, we
removed the last convolutional block, reduced the num-
ber of dense layers from two to one, decreased the num-
ber of neurons, and scaled down the convolutional filters
in each block, starting with 16 filters in the first layer
instead of 64.

The results show that time shift achieved the highest
accuracy (50.3%), followed by reverb (50.0%) and time
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stretch (49.2%), compared to 48.6% for the no-aug-
mentation case. However, statistical analysis using the
non-parametric Friedman test and the post-hoc Neme-
nyi test did not reveal any statistically significant differ-
ences between these best-performing augmentations
and the no-augmentation baseline. This is likely due to
greater variability and unpredictability in this larger-
model configuration, which is inherently more prone to
overfitting.

4.2 Multiple augmentation

In this section, we present results from three differ-
ent strategies for applying multiple augmentations to
the training set. These experiments use the three tech-
niques that showed the best individual performance:
time shift, time stretch, and pitch shift.

« Sequential-fixed: all three augmentations are applied
sequentially to each original sample, in a fixed order.

+ Sequential-probabilistic: each of the three augmen-
tations is applied in sequence, but with a 50% prob-
ability of being active for each sample.

0.65
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+ Single-random: only one augmentation is applied to
each sample, chosen at random with equal probabil-
ity among the three techniques.

In all three settings, two augmented samples are gener-
ated from each original sample, as in the single-aug-
mentation experiments. The Sequential-Probabilistic
and Single-Random settings introduce increasing levels
of stochasticity, leading to more varied augmented data.
These configurations aim to evaluate whether greater
sample diversity can further reduce overfitting.

Figure 2 and Table 4 present the results for this exper-
imental setup. The first, second, and third settings
exhibited accuracy increases of 2.4%, 2.5%, and 2.8%
for segment prediction, respectively. For the classifica-
tion of the entire piece, the accuracy increased by 2.5%,
3.1%, and 4.0%, respectively. On the other hand, we did
not observe statistically significant differences among the
three proposed settings, as described in the next section.

4.3 Statistical tests
In this section, we present the results of the statistical
tests performed for all the configurations, including

Accuracy
o
wv
w

o
w
o

I Entire Piece
Segment

Augmentation Fixed

50 I I I
I
0.40 o .

Sequential

Sequential
Probabilistic

Fig. 2 Final accuracy values obtained following the implementation of the proposed three combinations of data augmentation techniques. Both

the segment-level accuracy and the accuracy for the entire piece are shown

Table 4 Final accuracy values achieved after applying the proposed three combinations of data augmentation techniques

Augmentation Segment Acc + Std Piece Acc+ Std A Segment A Piece
No augmentation 0475+ 0.010 0.552 +0.028 0.000 0.000
Sequential-fixed 0499 + 0.007 0.577 £0.024 +0.024 +0.025
Sequential-probabilistic 0.500 = 0.009 0.583 £0.010 +0.025 +0.031
Single-random 0.503 4+ 0.008 0592 +£0.017 40.028 +0.040

Both the segment-level accuracy and the accuracy for the entire piece are reported. The rightmost columns show the absolute increase in accuracy compared to the

baseline without augmentation
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both single augmentations and multiple configurations.
Using the Python package autorank [51], we obtained
the following results for segment-level accuracy. As
mentioned earlier, we focus indeed on segment accu-
racy as it presents more consistent results. Obviously,
a higher value in the segment accuracy increases the
probability of having a higher accuracy at the seg-
ment level (which is computed via soft voting, as stated
before). Table 5 presents the results based on the fol-
lowing indices:

Table 5 Statistical indices of single and multiple augmentation
settings under evaluation
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« M (mean): mean value of each population (i.e., 10
executions);

» SD (standard deviation): standard deviation within
each population;

+ Cl (confidence interval): range within which the true
population parameter (i.e., the mean) is estimated
with a certain level of confidence;

+ d (effect size): Cohen’s d value, which is a standard-
ized measure of the difference between two popula-
tions’ means;

+ Magnitude: interpretation of effect size magnitude
as negligible, small, medium, or large, indicating
practical significance.

Augmentation M SD cl d Magnitude
In Fig. 3, we present the plot depicting the 95% con-
Compressor 0476 0011 [0467,0484] - Negligible fidence interval of the mean values, considering both
No augmentation 0475 0011 [0467,0483] 0057  Negligible single and multiple augmentations. From the plot, it
Random gain 0476 0011 [0467,0484] 0004  Negligible is evident that time shift, time stretch, pitch shift, and
High pass 0478 0013 [0470,0486] —0.198 Negligible the three multiple augmentation settings were the most
Saturation 0477 0012 [0469,0486] —0.127 Negligible effective. Notably, these cases show no overlap in the
Resampling 0482 0012 [0474,0490] -0.549 Medium confidence interval with the no-augmentation setting.
Noise addition 0482 0011 [0474,0491] —0607 Medium The statistical analysis involved examining 15 popula-
Low pass 0483 0010 [0474,0491] -0627 Medium tions (11 for the single augmentation settings, 4 for the
Reverb 0487 0012 [0478,0495] -0938 Large multiple augmentation settings, and 1 for the case with
Pitch shift 0499 0007 [0491,0508] —2490 Large no augmentation), each comprising 10 paired samples,
Multiple (second) 0500 0010 [0492,0508] —2.263 Large with a significance level set at & = 0.05. Initial tests failed
Multiple (first) 0499 0007 [0491,0508] —2482 Large to reject the null hypothesis for normality (p = 0.067)
Time stretch 0500 0007 [0492,0509] —2595 Large and homoscedasticity (p = 0.596), indicating normal
Multiple (third) 0503 0008 [0495,0511] —2754 Large distribution and homogeneity within the data. Subse-
Time shift 0511 0014 [0.503,0520] —2727 Large quently, a repeated-measures ANOVA was employed due
95.0% Confidence Intervals of the Mean
compressor 7 ad
no augmentation - ®
random gain - A
high pass -
saturation - *
resampling - ®
noise addition § ®
low pass -
reverb 1 \d
pitch shift A
multiple (second) q ®
multiple (first) 4 &
time stretch q *
multiple (third) - L 2
time shift q ®
0.147 0.118 0.219 0.50 0.151 0.1‘)2
Accuracy

Fig. 3 Mean accuracy value for each augmentation technique with the associated 95% confidence intervals, i.e., the range of values within which
we are 95% confident the true parameter lies. Two populations (i.e, augmentation techniques) are significantly different if their confidence intervals

do not overlap
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to the multiple populations, revealing statistically signifi-
cant differences in mean values. Based on the post-hoc
Tukey HSD test, it resulted that there were no significant
differences within the following groups: (1) compressor,
no augmentation, random gain, high pass, saturation,
resampling, noise addition, and low pass; (2) resampling,
noise addition, low pass, and reverb; (3) pitch shift, mul-
tiple (second), multiple (first), time stretch, and multiple
(third); (4) multiple (third) and time shift. All other dif-
ferences were statistically significant. Additionally, note
that Cohen’s d values were computed using the popula-
tion with the highest rank value (the compressor, in this
specific case) as the reference population.

5 Listening test

We conducted a listening test to assess whether the per-
ceived emotional label of a sample was preserved after
applying data augmentation techniques. The goal was to
ensure that the primary emotion of a piece (among the
four considered) remained dominant and was not over-
taken by another emotion. The subsequent sections pro-
vide details about the experimental setup and the results
obtained.

5.1 Listening test setup

Following the approach proposed in [29], we conducted
a listening test with 16 participants, all of whom were
musicians, as the cited study showed that musicians are
better able to assign emotions to musical pieces due to
their emotional perception more closely aligning with
the composer’s intended emotion. To ensure high-quality
audio playback, participants were asked to use an exter-
nal audio interface and high-quality headphones while
taking the listening test via the web application presented
later.

We selected eight musical pieces from the dataset
described in Section 3.2, including two examples for
each of the four emotions: aggressive, relaxed, happy,
and sad. From each audio file, we generated 11 trans-
formed versions (data augmentations) by applying the
most extreme values within the range defined in our
study. For pitch shift and time stretch, both the maxi-
mum and minimum values in the range were used (e.g.,
—3 and + 3 semitones for pitch shift). Random gain and
time shift were excluded from this phase: random gain
only introduces minor volume changes, and time shift
was primarily employed in our work to analyze different
segments of the same excerpts, whereas here we focused
on a piece-level analysis. This approach yielded a total of
96 audio samples (8 original pieces and 8 x 11 augmented
versions).

To facilitate the test, we developed an open-source
Python web application. For each music excerpt,
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participants were asked to rate the perceived levels of
aggressiveness, relaxation, happiness, and sadness on
a 7-point scale ranging from —3 to +3, as shown in the
screenshot provided in Fig. 4.

The order of the audio samples was randomized for
each participant. The test was divided into two parts to
minimize attention fatigue. Participants could listen to
each musical piece as many times as needed before pro-
viding their evaluation. On average, participants took
45 min to complete the test.

5.2 Listening test results

For each of the 8 musical pieces analyzed in the listening
test, we calculated the mean and standard deviation for
each of the 4 emotions, resulting in a total of 32 combina-
tions. Figure 5 illustrates how the 4 emotions vary in one
of the 8 pieces, which was initially classified as aggres-
sive. Table 6 presents the mean and standard deviation
values for the dominant emotion of each of the 8 pieces
included in the test.

As observed in Fig. 5, in this specific case, the main
emotion remains unchanged when data augmentation
techniques are applied. However, slight variations can be
noticed in some of the emotion values.

To verify whether the value of the main emotion
changed significantly when data augmentation was
applied compared to the perception of the original
recording, we conducted a Friedman test, with the Neme-
nyi post-hoc test, for the four emotions across each of the
eight pieces. Results showed that the median value of the
main emotion for each piece did not change significantly
across the different data augmentation techniques.

Additionally, we performed the same statistical test
for the non-primary emotions of each piece, which cor-
respond to the three emotions other than the true label
for the piece (e.g., relaxation, happiness, and sadness for
a piece classified as aggressive), resulting in a total of
24 combinations—three emotions for each of the eight
pieces. In this case, we found a statistically significant
difference in only 2 out of 24 combinations. The first
combination was for a happy piece, where the emotion
“relaxation” exhibited slight changes across the 12 pop-
ulations (i.e., the original piece and 11 augmented ver-
sions), resulting in two distinct groups of augmentations
with no statistical difference within each group. These
two groups were nearly identical, differing only in the
inclusion of low-pass and high-pass filtering. The second
case was for a sad piece, where the emotion “aggressive-
ness” showed statistical significance. Similarly, the statis-
tical test identified two groups, with all augmentations
being shared except for noise addition, pitch shift, and
high-pass filtering.
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Press Play to listen song number 4:
» 0:00/0:08

—_— 0

Evaluate the song:

Aggressive:

_—------3

-3 2 -1 0 +1 +2 +3

Relaxed:

-

-3 2 -1 0 +1 +2 +3

Happy

)

-3 -2 -1 0 +1 +2 +3

Sad:

-—

-3 = -1 0 +1 +2 +3
Next Song

Fig.4 Screenshot of the Python web application we developed for the listening test. Users are asked to evaluate each piece by rating the intensity
of four emotions on a scale from —3 to + 3, based on their perception

Mean Emotion Value

w
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Fig.5 Mean and standard deviation calculated across 16 users, for each data augmentation method, for the four emotions analyzed:
aggressiveness, relaxation, happiness, and sadness
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Table 6 Mean and standard deviation, for each data augmentation method, of the primary emotion across the 8 songs included in

the listening test

Augmentation Piece 1 Piece 2 Piece 3 Piece 4 Piece 5 Piece 6 Piece 7 (sad) Piece 8 (sad)
Technique (aggressive) (aggressive) (relaxed) (relaxed) (happy) (happy)

Original 2.19+0.81 206+083 1.75+ 152 1.69 +£0.98 1.81+0.95 256+0.70 1.25+1.20 1.88+0.93
Pitch shiftlow 225 +0.75 206+ 1.03 212+1.11 144 +1.37 1.75+1.25 256+ 061 144+1.12 2.00+0.71
Pitch shift 231+£0.77 2.19+£0.81 181+124 144 £146 1.88 +0.86 250+0.87 1.50+087 1.94+0.75
high

Time stretch 2.19+0.95 1.81+095 194+ 130 169+ 1.10 2.06 +0.90 250+0.71 1.12+132 212+0.70
low

Time stretch 206+0.75 200+094 162 +136 1.75+1.03 1.94 +0.75 244 +0.70 0.94 +1.09 1.81+0.73
high

Noise addition 225+ 0.56 200+0.79 144 +1.69 1.12+£1.41 1.75 +0.66 2.25+090 1.31+1.40 1.81+0.73
Reverb 2.19+£0.88 2.06£0.90 194+ 134 1.69 £0.92 1.94+0.75 231+£0.77 0.81+1.38 1.94 +0.90
Saturation 250+0.79 200+ 0.71 1.00+1.27 1.69 +0.85 1.81+0.73 2.06+0.90 1.38+1.05 1.88 +0.60
Low pass 1.94+0.83 2.00 £ 1.06 2.06£0.90 200£1.12 1.50+1.12 212 +0.86 1.12+132 2.25 +0.66
High pass 262 +£0.60 2.19+095 169+ 1.65 1.38+£145 1.81+1.01 262 +£0.60 100+ 1.54 1.75+0.75
Compressor 238+0.70 2.25+0.66 1.50 +1.41 1.69 +0.85 1.81+0.88 256+061 1.06 + 1.60 1.94 +0.75
Resampling 2.00+0.87 1.88+0.93 1.50+132 162+ 141 162+1.17 225+0.75 1.25+1.09 1.94+0.75

From this listening test, it is possible to conclude that
even when applying data augmentation techniques with
the strongest values within the range considered in our
study (see Table 1), the perceived emotion generally
does not change significantly.

As it was mentioned earlier, it is important to con-
sider that the primary concern in the context of our
experiment — using data augmentation to artificially
expand the dataset — is to ensure that the main emo-
tion of a piece (among the four considered) is not sur-
passed by another emotion. This is crucial because
our problem is framed as a multi-class classification
task, where each piece is assigned a single label (i.e.,
emotion).

This consideration also implies that if a piece’s clas-
sification is ambiguous per se (i.e., without data aug-
mentation), minor fluctuations introduced by data
augmentation techniques could become problematic.
Such fluctuations might increase ambiguity in defin-
ing the piece’s main emotion. However, this problem
is more related to the initial ambiguity of some musi-
cal pieces than it is to the data augmentation itself, and
it can be solved by using only pieces that are strongly
defined for a specific emotion.

Based on the results of this listening test, we can gen-
erally conclude that the data augmentation techniques
can be applied within the range presented in Table 1
without significant issues related to changes in the
label. Therefore, in the following discussion, we will
take this observation as a given and focus on analyzing
the results and considerations related to our original
problem.

6 Discussion

The statistical analysis conducted on the differences in
mean accuracy scores underscored the substantial ben-
efits of employing certain augmentation techniques for
MER tasks when utilizing a deep learning model. The sta-
tistical analysis revealed that compressor, random gain,
high pass, and saturation produced negligible effects
and were not statistically significant. Resampling, noise
addition, and low pass resulted in moderate increases in
accuracy (with medium effect sizes), but these changes
were also not statistically significant, as their confidence
intervals overlapped with that of the baseline. In contrast,
reverb, pitch shift, time stretch, and time shift produced
statistically significant improvements, all associated with
large effect sizes (See Table 5 for details). Notably, the
specific method used to combine the three augmenta-
tions in the multiple augmentation settings did not yield
considerable improvements compared to the single aug-
mentation settings. Moreover, by inspecting Fig. 3, it
becomes apparent that the combination of multiple aug-
mentations did not significantly improve the accuracy
obtained by the best-performing augmentations applied
individually. Instead, a single technique (time shift) pro-
vided the overall best accuracy at the segment level.

The fact that time shift emerged as the best augmen-
tation technique can be analyzed from the following
perspective. Considering the range of shifts applied
(from O to 1.5s), this technique is akin to obtaining
overlapping segments from the original piece, thereby
increasing the number of reliable samples for the data-
set. For instance, if the shift value were consistently set
to 1.5s, this would generate a training set where the
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segments are derived from the entire pieces with a 50%
overlap across consecutive samples (noting that the
augmentation stage precedes segmentation). Conse-
quently, further analysis should be conducted to deter-
mine if this technique yields high performance even
when segments are extracted with fixed overlaps (e.g.,
50% or 75%) by design.

In line with findings from previous studies on dataset
augmentation for MIR tasks, such as genre classification,
singing voice detection, and instrument recognition, we
noted that pitch shift significantly increased the overall
model accuracy (e.g., [41]). Additionally, the high perfor-
mance achieved by the time stretch technique was also in
line with the findings previously reported in [8].

While our analysis is based on a single model, future
work could explore the effect of augmentation tech-
niques across different architectures—such as deeper
CNNs, residual networks, or transformer-based mod-
els—to obtain more general conclusions for MER tasks.
Implementing models with varying numbers of param-
eters could provide valuable insights. Such experiments
would also help validate what was stated in [11], where
the authors emphasized the importance of utilizing both
augmentation techniques and high-capacity deep learn-
ing models to maximize system performance.

Another limitation of our research is that we restricted
the creation of augmented samples to only two samples
per original sample. While this decision was in line with
the findings of [8], which we discussed earlier, it is impor-
tant to recall that that study primarily employed tradi-
tional machine learning techniques, rather than deep
learning as in our case.

Furthermore, our research primarily focused on over-
all accuracy, without delving into the specific effects of
each augmentation technique on individual classes. This
aspect could be valuable, particularly in the context of
creating class-conditional data augmentations, as sug-
gested in [11].

Another aspect worth exploring in future work is the
specific tools or implementations used for each data aug-
mentation technique. For instance, in the case of reverb,
various types of responses (e.g., room, plate, hall) could
be analyzed. Similarly, different kinds of background
noise can be added in the case of noise addition. There-
fore, a more in-depth analysis considering the best-per-
forming techniques identified in the previous stage could
provide valuable insights.

Finally, the application of these augmentations to larger
pre-trained models using transfer learning or exploring
other more recent paradigms, such as transformers, rep-
resents a promising direction for future research. These
approaches could potentially enhance model perfor-
mance and robustness in MER tasks.
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7 Conclusions

This paper presented an analysis of the effectiveness of
11 data augmentation techniques for the task of music
emotion recognition using a convolutional neural net-
work model. We explored the impact of dataset aug-
mentation when a single transformation was applied,
as well as when multiple transformations were applied
simultaneously.

In the first scenario, where only one augmentation
technique was applied, we found that time shift, time
stretch, and pitch shift were the most effective techniques
in increasing the classification accuracy. In the second
scenario (multiple augmentations), we investigated three
different settings for applying multiple augmentation
techniques during training. These settings involved (1)
applying all augmentations to each augmented sample in
cascade, (2) assigning a 50% probability for each augmen-
tation to be applied, and (3) selecting one of the three
augmentation techniques randomly for each augmented
sample. We did not observe significant differences in
performance among these three techniques, although all
of them resulted in an accuracy increase of at least 2.4%
compared to the case without augmentation.

To ensure that the main label is perceptually pre-
served when applying the data augmentation tech-
niques, we conducted a listening test. In this test, we
verified that the primary emotion associated with each
piece does not change significantly with the application
of data augmentation techniques.

In conclusion, we demonstrated that appropriate
audio data augmentation can lead to statistically sig-
nificant improvements in the classification accuracy
of deep learning models in the task of music emotion
recognition. This improvement holds great promise for
the development of emotionally aware SMIs, which can
respond to the emotional content of music in real-time,
providing musicians with more intuitive and expressive
tools. We hope this work will inspire further contribu-
tions, promoting more research in both MER and its
applications in SMIs.

Abbreviations

MIR Music information retrieval
MER  Music emotion recognition
SMIs  Smart musical instruments
CNN  Convolutional neural network
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