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Nomenclature

FN
FpP

TN
TP

Frequency bin index (Hz)

Frequency bin index (mels)

Frequency (Hz)

False Negative

False Positive

hop-length: sample overlap of each STFT window
Time frame index

Number of training classes

number of samples in STFT window

True Negative

True Positive
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1 Abstract

This paper uses a standardized CNN model to compare
Mel-Scale and short time Fourier-transform (STFT) spectro-
gram feature extraction methods to classify urban, human,
and bird sounds. While many studies have compared Mel-
Scale Spectrograms and STFT Spectrogram features, they
often use different datasets and models for each feature. This
study addresses the gap in understanding which method is
more effective for general audio classification models. Af-
ter an analysis of a single optimized model trained on urban
sounds, bird sounds, and human speech using Mel-Scale spec-
trogram and STFT spectrogram features it was concluded
that STFT features are most effective for a classification
model on all audio datasets. It was found that the Mel-Scale
features resulted in an undergeneralization of the model to
unseen data thus resulting in less accurate classification than
when trained with STFT features.

2 Introduction

This paper aims to provide a simple comparison of Mel-
Scale and linearly scaled STFT feature extraction methods
for classifying audio files. This research will standardize
each part of the training process for both feature extraction
methods to provide a clear difference in the efficacy of each
method. There are many feature extraction methods used
in audio classification, each used for a unique purpose. For
example Mel-Scale features are commonly used for classifica-
tion of human speech [1]. This research will use a convolution
neural network (CNN) model trained on a variety of datasets
to determine which of these feature extraction methods is
optimal to use in general applications of audio classification
models.

2.1 Background

Audio classification is increasingly used across diverse
fields including medicine [2], agriculture [3], and transporta-
tion [4]. This growing reliance on classification technology
highlights the need for optimizing audio classification mod-
els. Enhancements in model efficacy, efficiency, and modular-
ity are becoming crucial. Identifying the most effective audio
features for classifying various types of audio is one approach
to achieving this optimization.

Before machine learning algorithms can classify audio files,
the raw audio must be processed into a numerical format.
This process involves extracting features such as energy, fre-
quency, time, and amplitude from the audio waveform and
converting it into a tensor [5]. Common feature extraction
methods include the STF) and Mel-Scale spectrograms. Both
methods provide time-frequency representations but differ in
axis scaling and output details (see Mel-Scale Features (2.4)
and STFT Features (2.3) for more information).

2.2 Previous Works

Sunee Pongpinigpinyo et al. conducted a similar analy-
sis to this paper utilizing a standardized model and datasets
to compare MFCC to Mel-Scale spectrograms for features in
audio classification of the juiciness of a pineapple [6]. They
concluded that MFCC slightly outperformed the Mel-Scale
spectrogram, however both performed well. While generally
MFCC and MEIl-Scale spectrograms are used for classifica-
tion of human speach [5], these results show both are effective
feature extraction methods for a classification model applied
to agriculture. The efficacy of this wider application of Mel-
Scale spectrogram is further analyzed in this paper.

Alessandro Terenzi et al. [3] used a model with a similar
architecture to compare Mel-Scale spectrogram with STFT,
alongside other features, to classify honey bee activity. The
results of this paper were comparable to those collected in
this paper, however the audio data of honey bee sounds that
the model was trained on is much different from human,
birds, or urban sounds. This paper expands on the results
found in [3] to evaluate these two features on more robust
audio datasets using a similar methodology.

Shunsuke Hidaka et al. [7] analyzed the performance of
an audio classification model using phase information ver-
sus discarding phase information in feature extraction. They
found in most datasets including phase information in the
audio features resulted in higher performance of the model.
Mel-Scale spectrograms discard phase information by taking
the magnitude of the data while STFT Spectrograms keep
phase information in its complex values. In this paper this
is not explicitly explored but is a key difference in the two
features and is a possible explanation for the results we col-
lected.

2.3 Short Time Fourier Transform (STFT)
Features

The STFT Spectrogram is one of the most common ways
to visualize and render audio files for computation. The
Fourier transform is a mathematical operation that takes
a real valued function as an input and outputs a complex
value for each frequency and time index of the input wave.
See Equation 1 for the formula below.

This transformation segments the input audio file into
several windows of a specific number of samples and pro-
cesses one window at a time. Fach window is made up of
1024 samples and overlaps with the next by 512 samples.
This windowing utilizes the Hann function (the first oper-
ation within the summation of equation 1). This function
is used to minimize discontinuities between the ends of each
windowed section.
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This operation takes the signal within each windowed seg-
ment and transforms it from the time domain to the fre-
quency domain. This outputs a complex number encoding
phase and magnitude of the signal situated at a specific index
of time and frequency of the input wave. See Figure 9 for a
visualization of this operation.
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Figure 1: Visual representation of STFT operation

The STFT features for each audio file were computed
using the PyTorch spectrogram function in the torchaudio
library. This outputs a complex tensor of size [batch size,
number of time frames, number of frequency indexes]. The
complex values in this output tensor necessitated a slight
difference in the models between the STFT and Mel-Scale
feature-extraction methods. This is discussed further in the
Model Optimization section 3.1. See Figure 2 for a visual-
ization of the STFT spectrogram of a single male and female
voice audio file.
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Figure 2: STFT Spectrogram of single male and female audio
file !

1Visualizations of each spectrograms were generated using Librosa
display libraries

2.4 Mel-Scale Features

The Mel-Scale features for each audio file were computed
using the PyTorch MelSpectrogram function in the torchau-
dio library. This function first computes the magnitudes of
the STFT features as outlined in the section 2.3, thus dis-
carding phase information of the input [7]. The function then
converts each frequency from the linear scaled Hertz to mels
which is a nonlinear scaling of frequencies. This transforma-
tion is computed using Equation 2. This produces a new set
of frequency bins that are then passed through 64 mel filter-
banks. Each filterbank is modeled by Equation 3 where the
center of each filterbank is around f,, [9].

mel(f) = 2595log;, (1 + 7?0) [9] (2)
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The purpose of mel-scaling is to mimic human auditory
capabilities and compress the higher frequencies in the sam-
ple to fit within the range in which humans can hear [10].
This compression of the higher frequencies can be seen in the
Mel-Scale Spectrograms in Figure 3. This can especially be
observed in comparison to the STFT Spectrograms in Figure
2. The STFT Spectrograms are very dense at high frequen-
cies with a large band of dark coloration across the top layer
of the frequency scale indicating a high decibel level. In the
Mel-Scale Spectrograms this dark layer is not present in the
higher frequency range as the higher frequencies in Hertz are
logarithmically transformed and lowered in Mels. Thus, the
dense layer of high frequency sound in the STFT spectrogram
is spread out and lowered in the Mel-Scale Spectrogram.
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Figure 3: Mel-Scale Spectrogram of single male and female
audio file !

3 Methodology

The first step in comparing Mel-Scale and STFT features is
to optimize a model that can be used on both spectrograms.
This CNN model was derived from implementation of a Py-
Torch model for audio classification GitHub repository by



Valerio Velardo [11]. See section 3.1 for more information on
model optimization. Once the model was optimized it was
trained on several datasets of various sound types and labels.
See section 3.2 for more information on the datasets used
for training and verification. Lastly, each feature method
was evaluated on a number of different parameters and data
points.

The CNN model used in this research is a simple 6 lay-
ered model. Each layer consists of a 2 dimensional con-
volution, non-linearization using the Rectified Linear Unit
(ReLU) function, 2 dimensional batch normalization and a
pass through a 2 dimensional Max Pool operation. Layers 1,
3, and 5 undergo pacial dropout on layer p = 0.07. The last
layer outputs 128 channels, doubling after every layer. We
used the Adam optimizer function and the Cross Entropy
loss function.

3.1 Model Optimization

Each iteration of the CNN model was tested on all three
datasets and both Mel-Scale and STFT features before mak-
ing a change. The goal is to maximize accuracy in classi-
fication for each dataset and for each feature. To visualize
the progress of each model iteration the validation curve for
accuracy and losses were produces every time the model was
run. An inferencing program was also run on training and
validation datasets and computed the accuracy, precision, re-
call, F1 score, and Matthew Correlation Coefficients (MCC)
on the results.

The first modification made to the model was implemented
to handle the complex outputs of the STFT feature extrac-
tion. For this change the model applied to the STFT features
takes in 2 channels as the initial input. One channel takes
the real part and one takes the imaginary part of the STFT
input tensor. The model for the Mel-Scale features has only
one input channel as the input tensor is real valued. This
modification was necessary to train on the complex values
created by the STFT features. To alter the STFT features
to be real valued would require computing its magnitude or
phase which would would decrease the information the model
is trained on and potentially negatively impact the model’s
performance [7]. While this change does not alter the overall
architecture of the model, it is acknowledged as a limitation
in this research and should be noted in future work.

The model in [11] used four layers however we found it
necessary to increase complexity of the model [12]. This
helped to mitigate extreme oscillations in both validation and
training losses that were previously observed between epochs.
Additionally, to aid in this effort the input data was normal-
ized before training and a normalization function (Batch-
Norm2d) was implemented within each layer [13]. Lastly, a
scheduler (StepLR) was implemented to decrease the learn-
ing rate by a factor of 0.5 every 5 epochs. The learning rate
was set to 0.001 at the start of the training program to min-

imize initial oscillations in losses.

The model began over fitting on more complex data in
the bird and urban datasets. To prevent this early stop-
ping and spacial dropout functions were implemented. The
early stopping function ran with patience of five epochs and
minimum difference in validation loss of 0.01. The spacial
dropout (Pytorch’s BatchNorm2d) function with a dropout
layer of 0.07 was applied to the first, third, and fifth layer
[14].

3.2 Datasets

The model was trained and tested on the following three
datasets:

e 5993 human speech audio sounds from [15] with 2 clas-
sifications: male and female.

e 8728 urban audio sounds from [16] with 10 classifica-
tions: dog bark, children playing, car horn, air condi-
tioner, street music, siren, engine idling, jackhammer,
drilling, and gun shot.

e 5424 bird sounds from [17] with 5 classifications: Be-
wick’s Wren, Northern Cardinal, American Robin, Song
Sparrow, and Northern Mockingbird.

The Human Sound and Urban Sound datasets were aug-
mented once to double the number of files the model was
trained on. The Bird Sound dataset was determined to be
too small to accurately classify five classes, so this dataset
was augmented twice to triple the initial dataset size. The
augmentation process applied one random function from tor-
chaudio’s PitchShift, FrequencyMasking, TimeMasking, Re-
sample, Vol(gain=0.5), and Vol(gain=1.5) to each file in the
dataset.

The validation datasets for the Urban and Bird audio
pulled 10 audio files from each class from the initial dataset
before. The Human Sound dataset was validated using a
completely different audio dataset of 39 files from [18].

4 Results

The performance metrics evaluated to compare the Mel-Scale
and STFT models were computed using the sklearn python
library. The computations are as follows:

t
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total
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Precision x Recall

F1S =2
core % Precision + Recall

TP x TN — FP x FN

MCC =
V/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

The performance of this model trained on each feature
and dataset are shown in table 1. Overall it can be seen that
the STFT features outperformed the mel-scale features for
every validation dataset. The STFT features also saw a nar-
rower margin between training and validation performance.
It is hypothesised that the greater difference observed from
the Mel-Scale model in validation vs training performance
was due to undergeneralization. As the same model archi-
tecture was applied to both features this undergeneralization
would be an effect of the specifics of the Mel-Scale Spec-
trogram features in comparison to the STFT Spectrogram
features. This could be due to the lack of phase information
as it was found by [7] that discarding of phase information
for audio classification can weaken a model’s performance.
There is not enough data to support this hypothesis for these
results, but one could further determine the cause of this to
be the dropping of the phase information for each frequency
when the Mel-Scale Spectrogram calculation takes the mag-
nitude of the STFT features. Further research could explore
this and is discussed in section 5.2.
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Figure 4: Validation curve for Mel-Scale features model
trained on Urban Sound Dataset
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Figure 5: Validation curve for STFT features model trained
on Urban Sound Dataset
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Figure 6: Validation curve for Mel-Scale features model
trained on Human Sound Dataset
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Figure 7: Validation curve for STFT features model trained
on Human Sound Dataset
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Figure 8: Validation curve for Mel-Scale features model
trained on Bird Sound Dataset



Table 1: Model Performance for Mel-Scale and STFT Features

Audio Type | Dataset | Feature | Accuracy | Precision | Recall | F1 Score | MCC
Train STFT 97.40% 0.98 0.98 0.98 0.97

Urban
Mel-Scale | 93.13% 0.94 0.93 0.93 0.92
Val STFT 88.89% 0.90 0.89 0.88 0.88
Mel-Scale | 84.85% 0.87 0.85 0.94 0.84
Train STFT 95.76% 0.96 0.96 0.96 0.91

Human
Mel-Scale | 94.33% 0.94 0.91 0.93 0.88
Val STFT 86.84% 0.87 0.87 0.87 0.74
Mel-Scale | 85.71% 0.90 0.82 0.86 0.72
Bird Train STFT 98.50% 0.98 0.98 0.98 0.98

ir

Mel-Scale | 99.16% 0.99 0.99 0.99 0.99
Val STFT 75.00% 0.78 0.75 0.76 0.69
Mel-Scale | 79.17% 0.79 0.79 0.78 0.74
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Figure 9: Validation curve for STFT features model trained
on Bird Sound Dataset
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The validation curves show a very oscilatory change in
loss and accuracy as the training progresses. This was mini-
mized through the optimization process, as described in sec-
tion 3.1 but was not mitigated completely. The spikes in
these plots illustrate that there is room for further optimiza-
tion of the model. This is a limitation in these results and
must be considered when referencing this data. However, the
bird and human datasets exhibit significantly steeper peaks
compared to the urban dataset. This can be partially at-
tributed to their higher initial accuracy, which results from
having fewer classifications for the model to train on. Conse-
quently, the learning curve for these datasets is much flatter
compared to the urban dataset, which is trained on 10 classi-
fications and starts with an initial accuracy of approximately
10%. However, the overall shape of the validation curve is
near expected and the training data is comparable to previ-
ous works such as those found in [3], [4], and [7]. Therefore
we can report sufficient confidence in this model.

5 Conclusion

In this paper the efficacy of the use of Mel-Scale Spectro-
gram and STFT Spectrogram features were compared using
the same model and three audio datasets. The results show
that the STFT features outperformed the Mel-Scale features
in the validation dataset and narrower margin between the
efficacy in inferencing on the training and validation datasets.
As every step of the training process is standardized within
the process of training on Mel-Scale and STFT features, this
discrepancy is due solely to the feature extraction methods.
It can be concluded that STFT outperformed Mel-Scale fea-
tures for all three datasets. Thus this paper determined
STFT spectrograms to be a more suitable feature extrac-
tion method for an audio classification model used to classify
a variety of audio types.

5.1 Limitations

Limitations of this conclusion include the limited datasets
used and room for further optimization of the CNN model.
Further information could be gathered from collecting data
on a larger variety of dataset types and sized. Lastly, while
this model was optimized for this paper and we are confi-
dent in its results, there were limitations in the processing
power, memory, and time used to optimize the model. Thus
a more optimal model could be developed to perform this
study and may improve this data collection with more pow-
erful resources.

5.2 Future Work



With more processing power and time this CNN model
could be further optimized and potentially obtain a more
precise comparison. This research was limited to a 4060 GPU
with 8GB memory. This limited the size of each dataset and
batch size ran through the model. Future work is suggested
to perform a similar analysis on various other features. There
may exist a feature extraction method that would prove to
be more effective on a wider range of audio files that was not
studied in this paper.

One further advancement that could me made to this re-
search is to compare complex valued STFT features with
real valued magnitude, power, and phase features from the
STFT spectrogram. One could also explore a possible Mel-
Scale spectrogram that produces a complex valued tensor,
thus preserving phase and magnitude information.
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