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Abstract---This research paper proposes a novel voiceprint generation
methodology for recognizing the speakers registered in a system. The
proposed methodology is a keyword-dependent closed set speaker
classification task. The features used are Mel-Spectrogram,
Chromagram, MFCC and a new ensembled feature called Mel-
Chroma. Mel-Chroma is generated with the combination of Mel-
spectrogram and Chromagram. The Mel-Chroma spectrogram
generated is converted into a binary image by using the average as the
threshold. The recurrent neural network model LSTM is used for the
classification task and the dataset used is FSDD. The proposed
method has a higher accuracy than the state-of-art methods for the
specific task. The accuracy obtained for the classification of speakers
using a binary Mel-Chroma voiceprint is 98.33%.

Keywords---Mel-spectrogram, MFCC, chromagram, LSTM, keyword-
dependent speaker recognition, voiceprint.

Introduction

A series or sequence of sounds produced is stored as an audio file. All sounds
have a specific frequency with which it could be identified and accessed. The
sound is usually in a sine wave form and the intensity changes over time. There
are numerous real-world data science applications where audio data is involved.
A few of the prominent applications are recommending audio in radio,
segmentation of audio and classification of audio. the process of listening,
analysing and classifying audio recordings is called as audio classification.
Classification of audio has wide application in the speech to text translation,
environment sound recognition, classification of animal or bird sounds, music,
instruments or song identification, automatic speech recognition, automatic
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speaker identification and even virtual assistants in the smart homes and smart
phones.

Speaker recognition can be split into speaker identification and speaker
verification process. In speaker identification, a speaker is matched with the
known speakers in the system; if there is a match, the unknown speaker has
been identified to be in the system of known speakers. The exact match of which
speaker has spoken is not done in speaker identification. But in speaker
verification process, an unknown speaker is matched with known speakers in the
system and the identity of the speaker is determined.[1] This is a multi-class
classification problem.

Voice of human beings is used as a biometric in the recent years. The vocal cords
act as resonators and it is said that two vocal cords resonating at the same
frequency is extremely remote. This feature is taken for creating a voice print for
the speakers and successfully matching them. [2] The speaker recognition can
also be classified as keyword-dependent or keyword independent. In keyword-
dependent models, the speaker has to speak the same keyword all the time and
this is most suitable for biometric identification process. The keyword-
independent systems model the voice of the speaker using phonemes.

Even though many features of the audio file have been used for the task, MFCC
(Mel-Frequency Cepstral Coefficients) is treated as main feature in most speaker
recognition models. The reason MFCC is used in many systems is that they are
extracted over a triangle filter which model the human hearing model. In recent
years the audio classification is modelled as a computer vision problem by
producing the spectrograms of the audio files and fed into Convolutional Neural
networks or Recurrent Neural networks for classification and identification.

A Chromagram specifies the pitches of the voice input audio over time [3]. The
pitch classes are denoted by the seven letters A, B, C, D, E, F and G. It takes a
Short-time Fourier transform (STFT) or any spectrogram as its input instead of
Fast-Fourier Transform (FFT). In this paper, an ensembled features of Mel-
Spectrogram and Chromagram of audio of the keyword spoken by the speaker is
generated and used to create a voice print of the speaker for classification using
Long Short Term Memory networks (LSTM).

Literature Review

Human’s voice is one of the behavioural biometrics that gives the data in
relevance to an individual's personalities, such as the ethnicity, age, gender, and
emotion. Speaker recognition is recognizing and verifying the identity of speakers
depending upon the features extracted from their voice. [4]. Machine learning
algorithms like Multi-Layer Perceptron (MLP), Support Vector Machine (SVM),
Random Forest (RF) and K-Nearest Neighbours (KNN) are used for speaker
recognition task in [5] and have produced remarkable accuracy using the MFCC
vectors. The RF algorithm produced the highest accuracy. The CNN is used along
with restricted Boltzmann machine based on transfer learning model for voice
print generation and classification for a limited dataset [6] and achieved an
accuracy of 97% for the classification.
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In [7] the authors have proposed a new CNN architecture for audio recognition
through Mel-Spectrograms and achieved an accuracy of 88.9%. The Gaussian
Mixture Model - Universal Background Model (GMM-UBM) framework has been
used in [8] for speaker recognition of a closed-set speakers and achieved a
remarkable accuracy over other methods compared in the proposed model for
Romanian speakers. The Chromagram features were used for speech / music
classification with SVM algorithm in [9]. The experiments resulted in 95.5%
accuracy with Chromagram textural features with 12 bins denoting the pitch
classes. Hybrid features of Gamma Tone Cepstral Coefficients and formants [10]
were used to generate a voiceprint for speaker recognition. The voiceprint was
implemented using Deep Belief Networks and achieved state-of-art accuracy for
camouflaged voices.

Voiceprint was created using MFCC and the classification was done with Back
Propagation neural networks (BP) and CNN in [11]. The authors achieved 74.5%
accuracy for isolated word recognition by the speakers. Long-Short Term Memory
Recurrent Neural Network (LSTM-RNN) was used in speaker recognition using the
MFCC and Mel-Spectrogram as features in [12]. The MFCC features produced
95.33 % and for log-Spectrogram the accuracy was 98.7% for text independent
speaker recognition. The Local Binary Patterns (LBP) operator is used for feature
extraction from spectrogram images and the speakers were classified with the
spoken isolated words using Deep Neural Networks in [13]. The overall accuracy
achieved is 91% for Chinese speakers.

In [14], the authors have used the spectrograms for classifying the speakers using
CNN and obtained an accuracy of 97%. They have used clustering techniques for
feature selection from the spectrograms. The Convolutional Neural networks
(CNN) is vastly used in image classification and is therefore used in classifying
spectrogram images. The CNN is used along with GMM for speaker recognition in
[15]; the feature used for classification is MFCC. The authors also tested the
dataset for i-vector and produced remarkable results for both male and female
speakers in the dataset used.

In [16], the authors used MFCC and raw wave form for creating a voiceprint and
recognized the speakers with 96% accuracy in both the methods. The
classification was done through Convolutional Neural Networks (CNN). Same
model is used for MFCC and raw wave form for classification. The model worked
well for datasets with or without noise and produced the same accuracy for both
features. In [17] a new LSTM model was proposed for text dependent speaker
verification task, which used the d-vectors generated from the audio file for the
classification task and achieved an accuracy of 96.9% for the proposed model.In
their proposed model, the authors of [18] test the classification of both text-
dependent and text-independent scenarios for speaker classification based on
CNN. They obtain a higher accuracy for text-dependent speaker classification
rather than text-independent speaker classification.

The usage of short utterances of a speaker for speaker recognition was explored in
[19], [20],[21], [22] with various features like MFCC, Mel-Spectrogram with
traditional machine learning algorithms were tested and found that it gives
remarkable accuracy in speaker classification even with short utterances. The



8046

authors in [23] explored the usage of DNN for speaker recognition with i-vector
and achieved an accuracy of 96.35% which is at par with state-of-art systems.
The Deep GRU based model for speaker identification was proposed in [24]. The
feature used is Mel-Spectrogram and the model achieved an accuracy of 98%.
Most of the models discussed above require huge volume of audio data to create a
speaker model and perform feature extraction and classification. The challenge
here is to create a methodology through which a speaker can be modelled with
short utterances of the speech. The proposed methodology addresses this gap and
further explores creation of voiceprints which requires less space for storage
through spectrogram images and improves the accuracy of the classification.

Proposed Methodology

The proposed methodology uses the Mel-spectrogram and Chromagram as
stacked features to identify a speaker in a pool of speakers already in the
database. While the Mel-spectrogram has the details about the audio the
Chromagram has the characteristics of the pitch of the speaker which is unique
to every human being. The ensemble of these two features creates a unique
voiceprint for a speaker for a particular audio file. The type of ASR explored here
is the key-word dependent closed set ASR.

The dataset used consists of 6 speakers with each speaker having spoken the
digits O to 9 fifty times. This dataset is usually used for recognizing the spoken
digits. This dataset is used in this research to mimic the short-spoken digits as
keywords and as a closed set for evaluation. From each speaker one spoken digit
is taken for consideration. This makes that spoken digit as a keyword for that
speaker like a password. The aim is to prove that a speaker can be identified even
with a very short audio.

Features Used in the proposed model are:

1. Mel-Spectrogram

2. MFCC

3. Chromagram

4. Mel-Chroma(proposed ensembled feature)

Mel-Spectrogram

A Mel-Spectrogram is generated by applying Discrete Fourier Transform (DFT) on
the frames of the audio signal, which produces the magnitude spectrum. The next
step is applying the triangular filters of the Mel Scale and take log() of it, which
then produces the Mel-Spectrogram. The Figure-1 shows the steps

. . . ; Logl =
Framing & Discrete Fourier ; Iel Filter
»“* ——] s Magnitude | ™o L

Windowing *| Transform (DFT) Spectrum

Mel-Spectrogram

Audio file

Figure-1 Generation of Mel-Spectrogram
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The equation which is used to convert given frequency(freq) to Mel-Scale
frequency (melfreq) is given below:

melfreq = 2595 = log10((freq/700) + 1)) (1)

The Libarosa package of Python uses “librosa.feature.melspectrogram()” function
to generate the Mel-Spectrogram.

MFCC

Mel Frequency Cepstral Coefficients (MFCC) are short representations of the
frequency spectrum over the Mel-frequency filter banks. The process of obtaining
the MFCC is shown in Figure-2. The Fast Fourier Transform is applied over the
frames of the audio signal. The MFCC are obtained by applying Discrete Cosine
Transform (DCT) over the triangular Mel-scale frequency filter applied signal. The
DCT decorrelates the highly correlated Mel Frequency Spectrum to obtain MFCC.
MFCC is said to be the most used audio feature in content-based audio retrieval
and identification.

Framing and Windowin
M F.Wl‘“ - Blocking =

Audio Signal

FFT

DCT Mel Scale

S

MFFC spectra generated
with MFCC coefficient

Figure-2 MFCC Generation

The MFCC coefficients can be made dynamic by getting delta and delta-delta
derivatives of it. The first order will result in 13 coefficients and further each
derivative would produce 13 more. The Figure-3 below shows MFCC generated for
an audio file in the dataset with X-axis showing the time in seconds and Y-axis
showing the Mel frequency.
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Figure- 3. MFCC
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Chromagram

The pitch of the audio signal is embodied in the Chromagram. The pitch signifies
fundamental frequency of vibration of the vocal cords of a speaker. Chromagram
represents the whole spectral audio information mapped into one octave. Each
octave is divided into 12 bins representing each one semitone. The Chromagram
is generated from the audio file by generating its spectrum and then applying the
Chroma filters on it. These filters project the frequency over time onto the 12 bins
which signify the 12 octaves or pitch class. The Chromagram generated in
Libarosa package is of dynamic nature as it uses Short Time Fourier Transform
(STFT) to compute it rather than Fast Fourier Transform (FFT). The Figure-4
represents the Chromagram of an audio from the dataset.

Pitch class

o 0.05 01 015 0.2 025 03 035 0.4
Time {s)

Figure-4. Chromagram

The focus of this work is on Chromagram which embodies the unique
characteristics of speech apparatus of a speaker; the glottal source, vocal tract,
nasal tract and lips. The glottal source is the space between the vocal folds which
is responsible for the pitch and loudness of the voice and the vocal tract is the
tube where the sound produced resonates through the throat and mouth. The
Figure-5 shows the Mel-spectrogram and the Chromagram of the digit nine of the
single speaker. From the Figure- it can be observed that there are slight changes
in the Mel-Spectrogram and Chromagram even when the same speaker has
spoken the same keyword. This will enable the recognition of the speaker even if
he speaks the keyword little differently each time.
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Fiqure-5. Mel—Spectrogfam and Chromagram of same digit of a speaker

The Figure-6 shows the spoken digit zero by all the six speakers. It is evident from
the Mel-Spectrogram and Chromagram displayed for the sample audio files that
even though the same keyword or password is spoken by different speakers, the
pitch, frequency of the audio file varies. Thus, the spectrogram images of the
audio file can be unique for human for a specific keyword and can be used for

speaker recognition task.
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Figure-6 Mel-Spectrogram and Chromagram of same digit for all six speakers

A novel Chromagram called MEL-CHROMA is produced in this experimental setup
by giving a Mel-Spectrogram as input to create a Chromagram. This novel
ensemble of features of an audio file is then used as a voice print to classify the
speakers in the database. The Figure-7 shows the Mel Spectrogram, Chromagram
and Mel-Chroma of the same audio file.
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Figure- 7. Mel Spectrogram, Chromagram and Mel-Chroma of the same audio file

The audio files of digits spoken by speakers are taken one digit per speaker and
converted into the corresponding voiceprint (ie) the ensembled or stacked feature
of Mel-Chroma. The two most used feature for speaker recognition are MFCC and
the Chromagram. Both are combined together in this experiment to produce a
novel and unique voiceprint which is used in the classification of audio files
through LSTM.

Global mean voiceprint

The spectrogram images are converted to binary images by calculating the mean
or average of the spectrogram matrix and then changing the values to either 1 or
0 depending upon the threshold value. If the value in the spectrogram matrix is
greater than or equal to the threshold value it is changed to 1 and if it is less than
the threshold value then it is 0. In the Libarosa audio processing package of the
Python, the values are true or false. Instead of a binary matrix of O and 1, a
Boolean matrix of True and False are created. Then the Boolean matrix is
displayed as a spectrogram in this case a Chromagram.

(2)

MC(X)={1 if x> AVG}

0if x < AVG

Where MC is the MEL-CHROMA array and x is the value in the array. AVG
denotes the average calculated, which acts as the threshold value for converting
the MEL-CHROMA to a binary image. The Boolean images or the binary MEL-
CHROMA images are calculated for 0.8* AVG, AVG, 1.2*AVG as threshold values
and the sample of an audio files resultant images are displayed in the Figure- 8.
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Figure-8. Binary MEL-CHROMA

The size of the MEL-CHROMA matrix is 12 x18. The code snippet for calculation
of the average and converting the matrix back to a spectrogram is shown below:

pathAudio = "C:/Users/Dell/OneDrive/Desktop/FSDD/"
files = librosa.util.find_files(pathAudio, ext=['wav')
fory in files:

data, sr = librosa.load(y)

ps = librosa.feature.melspectrogram(y=data , sr=sr)
melchroma = librosa.feature.chroma_stft(s=ps,sr=sr)
mcarr=np.array(melchroma)

avg=mcarr.mean()

bar=np.where(mcarr < avg, True, False)
librosa.display.specshow(bar,y_axis='chroma’,x_axis='s")

Description of dataset used

The dataset used is Free Spoken Digits Dataset (FSDD). It is a publicly available
open dataset from GITHUB. The dataset is usually used for classifying the spoken
digits. This dataset is chosen for this task as it meets the requirement of keyword
dependent closed set speaker recognition system. The audio files are in the .wav
format. All the spoken digit speech audio files of the 6 speakers are sampled at
8KHz. The recorded audio files have minimum silence and noise. In the total
number of speakers in this dataset is six. The language spoken is English. The
speakers are all male and have different accents like American, French, Greek
and German.

The dataset required for the proposed methodology is prepared as a subset from
the 3000 audio files. First subset contains the S0 audio files of a single digit by an
individual speaker. Unique digit is chosen for each speaker, thus making the total
audio files as 300. The second subset is created by choosing a single for all the
speakers. This subset also contains 300 audio files. The subsets mimic the
speakers having unique keywords and all the speakers having the same keyword
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respectively. The hypothesis is that even when the keyword is same for two
speakers, they can be recognized through the characteristics of their voice rather
than the content of the audio file.

Experimental results

The LSTM model used is a stacked LSTM layer model which was used in [26] and
gave a good classification results for classifying environmental sound. The LSTM
model called Deep LSTM has input layer connected to two stacked LSTM layers
one after the another. The LSTM layers are followed by two Time Distributed
Layers for stepping through the steps of time. This is followed by a flattening layer
and a dense layer with activation functions Rectified Linear Unit (ReLU) and
Softmax. Softmax is needed as it a multiclass classification problem. Categorical
cross entropy is used as a loss function, for multiclass classifications and the
metric used is accuracy.

The Table-1 below shows the accuracy of the speaker recognition through stacked
LSTM networks. The features used for the experiment are Mel-Spectrogram,
MFCC Cepstrum, Chromagram, Mel-Chromagram, binary Mel-Chromagram
generated over the threshold values 0.8* AVG, AVG and 1.2*AVG, where AVG is
the average or mean value of the Mel-Chromagram generated. The features are
evaluated for two datasets Same-keyword for all speakers and unique-keyword for
different speakers. From the table it is evident that Binary Mel-Chromagram with
the threshold of AVG has the highest accuracy of 98.3 % and the Mel-
Chromagram also has a remarkable accuracy of classification of 97.6% for unique
keyword dataset. For the same-keyword dataset, the highest accuracy of 97.8% is
produced again by the Binary Mel-Chromagram, but with the threshold of AVG
*1.2.

Feature Accuracy
UNIQUE KEYWORD SAME KEYWORD
Melspectrogram 94.5 % 93.4 %
MFCC 97.3 % 97.2 %
Chromagram 93.7 % 92.9 %
MEL-CHROMA 97.6 % 96.2 %
Binary MEL-CHROMA with 0.8*AVG 97.2 % 96.7 %
Binary MEL-CHROMA with AVG 98.3 % 97.4 %
Binary MEL-CHROMA with 1.2*AVG 96.3 % 97.8 %

Table-1. Accuracy of speaker classification for various Features

The Table-2 shows the comparison of the state-of-art models and the proposed
model. In this comparison it is observed that the proposed model has the better
accuracy in classification than others. Further, LSTM-based models are showing
a better performance than other models.

Model Feature Used Accuracy (%)
GMM-UBM [8] MFCC 94.5
Multimodal LSTM [23] i-vector 96.25

CNN [16] MFCC 96
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LSTM [17] d-vector 96.9
Deep GRU [24] Mel Spectrogram 91.56
Proposed Binary MEL- | Ensemble of Mel-Spectrogram | 98.4
CHROMA with LSTM & Chromagram

Table-2. Comparison of accuracy of speaker classification with proposed model

The chart below in Figure 9 Shows the comparison graph of accuracy values in

Table -1
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Figure-9 Accuracy of Various Features

The confusion matrix for the classification of the speakers with Binary MEL-
CHROMA with the threshold of the average of the spectrogram is shown in Figure-
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Conclusion

The methodology proposed is a keyword-dependent closed set speaker
classification task. The features used are Mel-Spectrogram, Chromagram, MFCC
and a new ensembled feature called Mel-Chroma. Mel-Chroma is generated with
the combination of Mel-spectrogram and Chromagram. The spectrogram
generated is converted into a binary image by using the average as the threshold.
The recurrent neural network model LSTM is used for the classification task and
the dataset used is FSDD. The proposed method has a higher accuracy than the
state-of-art methods for the specific task. The accuracy obtained for the
classification of speakers using a binary Mel-Chroma voiceprint is 98.3% with
threshold as Average for the different keywords and 97.8% with threshold as
AVERAGE*1.2 than other methods used for voiceprint generation. In future, other
DNN models can be explored for increasing the accuracy. The number of speakers
in the dataset can be increased and noise can be added to mimic the real time
implementations.
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