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Speaker identification is biometrics that classifies or identifies a person from
other speakers based on speech characteristics. Recently, deep learning
models outperformed conventional machine learning models in speaker
identification. Spectrograms of the speech have been used as input in deep
learning-based speaker identification using clean speech. However, the
performance of speaker identification systems gets degraded under noisy
conditions. Cochleograms have shown better results than spectrograms in
deep learning-based speaker recognition under noisy and mismatched
conditions. Moreover, hybrid convolutional neural network (CNN) and
recurrent neural network (RNN) variants have shown better performance than
CNN or RNN variants in recent studies. However, there is no attempt
conducted to use a hybrid CNN and enhanced RNN variants in speaker
identification using cochleogram input to enhance the performance under
noisy and mismatched conditions. In this study, a speaker identification using
hybrid CNN and the gated recurrent unit (GRU) is proposed for noisy
conditions using cochleogram input. VoxCelebl audio dataset with real-world
noises, white Gaussian noises (WGN) and without additive noises were
employed for experiments. The experiment results and the comparison with
existing works show that the proposed model performs better than other
models in this study and existing works.
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1. INTRODUCTION

Speaker recognition [1] is a biometric mechanism that classifies or identifies individuals from other
known speakers by using speech characteristics. The speech of two different people cannot be the same because
of differences in physiological and behavioral features of the speaker in speech [2]. The structure, size, and
shape of speech production organs of each person are unique. Moreover, every person has different styles of
speaking, timing of words, word selection, and so on [3]. Speech-based systems make the interactions between
humans and machines natural. The accessibility of speech, acceptability by users, and availability of low-cost
resources for implementation have increased the need for speech-based systems in various areas. Speaker
recognition has attracted the interest of researchers and users because of its advantages in various real-world
applications. Speaker recognition technologies can be applied from small business areas to large organizations
for various purposes. For example, it is important in speech-based authentication systems, security [4],
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forensics investigation [5], surveillance [6], automatic identity tagging, and front-ends of automatic speech
recognition [7].

Speaker recognition can be classified into identification and verification, depending on how the
system classifies the speaker based on the claimed speech [8]. In speaker verification, the system determines a
person giving the utterances to the system whether exists or not. To make a decision, the system computes the
probability of similarity between classes. Then the system compares the probability with the threshold values
to decide whether to authorize or reject. Speaker verification uses binary classification models [9] in which the
speaker is either authorized or rejected based on the threshold of similarity. This is an open-set classification
in which the test samples are assumed to be either trained or untrained. In this study, we focused on developing
a speaker identification model. Speaker identification is a type of biometric that automatically determines the
person who gives the speech to the system from a set of trained speakers [10]. In speaker identification, the
model computes the probability of test speech similarity with each of the speaker classes trained by the model.
The class of the speaker with the maximum similarity can be determined as the speaker of utterance. This is
sometimes referred to as closed-set speaker recognition, in which all the test speeches are assumed to be from
a set of registered speakers. Feature extraction and classification models are two basic components of speaker
identification that play a crucial role in the performance of the models [11]. Conventional machine learning
methods [12] and deep learning models [13] have been widely employed for speaker identification. Our study
is focused on developing a speaker identification model using deep neural network models.

The speaker recognition system performance gets degraded because of environmental noises, channel
variations, physical changes in the speaker, language variations, and behavioral changes in the speaker. These
factors are the main challenges for implementing speaker identification systems in various real-world
applications. Several studies have been conducted using both conventional machine learning and deep learning
methods to enhance the accuracy of speaker recognition systems under noisy and mismatched conditions.

Some of the conventional machine learning methods include the Gaussian mixture model (GMM)
[14] and support vector machine (SVM) [15]. These methods have been using handcrafted features for speaker
recognition and other speech analysis purposes. Mel frequency cepstral coefficient (MFCC) and gammatone
frequency cepstral coefficient (GFCC) are some of the commonly employed handcrafted features. In the studies
[16] and [17], MFCC features were employed in speaker verification systems using i-vector and GMM
classifiers respectively. The study [18], employed MFCC features and GMM to develop a speaker recognition
system. In the studies [19], [20] speaker recognition systems using the GMM and MFCC features were
proposed as the biometrics for smart home device control and remote identification over the voice-over-internet
protocol (VolP) respectively. Speaker recognition systems using MFCC features performed well on clean
speech and without mismatched training and test speech. However, the accuracy of speaker recognition systems
using MFCC features gets degraded with real-world noises, background noises, and changes in the physical
and behavioral characteristics of speakers [21]. In the research works [22], [23] GFCC features surpassed the
accuracy of MFCC features in speaker recognition under environmental noises. Therefore, GFCC features have
been widely employed for speaker recognition under noisy and mismatched conditions to enhance the accuracy
of systems. For instance, in the study [24] GMM method and GFCC features were employed for speaker
identification under noisy acoustic datasets. Another study in [25], proposed a speaker identification system
for forensic applications using the GMM with universal background model (GMM-UBM) and GFCC features
in noisy environments. In the reference [26] a GMM method and GFCC feature were employed for speaker
verification using datasets with real-world noises.

Recently, deep learning models outperformed conventional machine learning methods in the area of
speech analysis including speaker recognition. Convolutional neural network (CNN) and recurrent neural
network (RNN) [27], are some of the commonly employed deep learning models in speaker identifications.
CNN model extracts feature automatically from the input and learn adaptively from the parameters. It has
advantages in extracting short-term features from input data and extracts a limited number of training
parameters for model training which require low computational resources [28]. Enhanced variants of the RNN
model include gated recurrent unit (GRU) [29], long short-term memory (LSTM), and bidirectional LSTM
(BiLSTM) [30]. The GRU model is an enhanced version of the LSTM and it has the advantages of extracting
and learning long-term correlation between features sequentially in only one direction [31]. GRU models have
fewer parameters than LSTM to minimize the computation cost. Moreover, GRU models handle gradient
vanishing problems and converge within a few iterations during model training. In recent studies, a hybrid
network of CNN models with enhanced variants of RNN models has been showing better performance in
various areas. Most of the recent speaker identification methods employed either CNN or variants of RNN
models.

Some deep learning-based speaker identification models employed hand-crafted features which were
common in conventional machine learning methods. In the study [32], [33] speaker identification models were
developed using CNN and MFCC features. Another study in [34], employed the MFCC features for speaker
identification using the visual geometry group (VGG) version of the CNN model. The speaker verification

Speaker identification under noisy conditions using hybrid convolutional neural ... (Wondimu Lambamo)



1052 O3 ISSN: 2252-8938

model using a Siamese network of CNN and MFCC features was proposed for cross-device platforms [35].
GFCC features were used together with the CNN model to develop a speaker identification model under noisy
conditions [36]. Although MFCC and GFCC features have comparatively better performance in deep learning
than conventional machine learning, they are not as efficient as other inputs in deep learning for speaker
recognition. Spectrograms of the speech were widely employed in deep learning models for speaker
recognition. In the study [37], spectrogram features showed superior performance than MFCC features in
speaker recognition using a CNN model. In the study [38], speaker recognition using spectrogram features
performed better than the raw waveforms of the speech and MFCC input in deep learning. This is because
spectrogram features are rich in acoustic features of the speaker which helps the deep learning networks easily
learn the correlation between the features. However, the performance of speaker identification using a deep
learning model and spectrogram of speech input gets degraded under noisy and mismatched conditions.
Cochleograms of the speech have achieved better accuracy than spectrogram features in speaker identification
under noisy and mismatched conditions. In the study [39], we analyzed the noise robustness of cochleogram
and spectrogram features in speaker recognition using different kinds of CNN architectures. The analysis
results show that cochleogram features have better performance than spectrogram features under noisy
conditions and both features have approximately similar performance in clean environments.

In recent studies, a combination of CNN with variants of RNN has shown better performance in
various areas. In the studies [40], [41] a hybrid network of CNN and LSTM models exhibited performance
improvement in speaker verification and identification. Another study [42], employed a hybrid network of
CNN and BIiLSTM for language identification using spectrograms of speech and the results have shown
improvement in existing works. The study in [43], also indicated the effectiveness of a hybrid network of CNN
and BiLSTM models in audio-visual recognition for biometric applications. However, there is no attempt
conducted by using hybrid CNN and GRU models which used cochleogram of speech input to enhance the
accuracy of speaker identification under noisy conditions.

As discussed above, most of the research works in speaker recognition were conducted by using deep
learning models CNN or RNN variants and spectrograms of speech input. Only a few studies employed a
hybrid network of CNN and RNN variants for speaker recognition. However, there is no attempt conducted to
use hybrid CNN and variants of RNN in speaker identification under noisy and mismatched conditions. In
addition, none of the speaker recognition models which employed a hybrid deep learning model used
cochleograms as input to enhance accuracy under noisy conditions. In this study, a speaker identification using
a hybrid CNN and GRU model on the cochleograms of the speech input was proposed for a noisy condition.
The proposed model integrates the advantages of the CNN and GRU layers in feature extraction, learning and
classification. Cochleogram features were used as the input because of the rich acoustics features of the speaker
and it can represent low-frequency samples in high resolution which is important in noisy speech. CNN models
have the advantage of automatically extracting short-term feature dependencies and adaptive learning from the
parameters. The GRU models have advantages for extracting long-term one-directions correlation of features
sequentially, handles gradient vanishing and exploding problems, and converge faster during the experiment.
Experiments were conducted using the VoxCeleb1 audio dataset with real-world noises (babble, restaurant and
street), white Gaussian noise (WGN) and without additive noises. The real-world and WGN were added to
each utterance at the signal to noise ratio (SNR) of -5 to 20 dB in the interval of 5 dB. Additional experiments
were conducted by using two-dimensional CNN (2DCNN), hybrid CNN with LSTM (CNN-LSTM), and
hybrid CNN with the BiLSTM (CNN-BILSTM) to present the effectiveness of the proposed model.
Comparisons with the existing works were also conducted to show the effectiveness of the proposed model.

The rest of the paper is organized as follows: Section 2 presents the theoretical background of the
study which includes convolutional neural network, gated recurrent unit and cochleogram generation
processes. Section 3, discusses the methodology. Section 4, presents results and discussion which include
datasets, implementation details and results. In section 5, the conclusion and future works are presented.

2. THEORETICAL BACKGROUND
2.1. Convolutional neural network (CNN)

A convolutional neural network (CNN) is a feed-forward network of deep learning layers that has no
cycle and memory. CNN models automatically extract features from the input without human intervention.
Various types of CNN models were applied in areas such as medical image classification, computer vision,
biometric recognition, speech recognition, and so on. CNN models represent each class with few parameters,
which saves computational resources and it has a strong learning ability from few parameters. It comprises
different types of layers that are interconnected to each other for feature extraction, learning the pattern, and
classifying. The basic layers in CNN models include the convolutional layer, pooling layer, fully connected,
and classification layers. A convolution layer is the most important component for building CNN models.
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Important parameters of convolution layers are filters, activation, padding and so on. Filters extract parameters
or features from the input image and each filter parameter is important to train the model throughout the
training. Filter size should always be smaller than the size of the input image. Each filter convolves with the
image and creates an activation map. For convolution, the filters move across the height and width of the image
and the dot product between every element of the filter and the input is calculated at every spatial position.
Pooling layers are commonly applied for the subsampling of feature maps. It should be applied following the
convolution layers to minimize the dimension of the features for the next layers. There are several pooling
methods such as tree, gated, average, min, max, global average and so on. Max, min, and global average pooling
were widely employed in most deep learning-based applications.

2.2. Gated recurrent unit (GRU)

Recurrent neural network (RNN) is one of the deep learning models that has been widely employed
in time series data analysis. It has a memory to store information about the previous sequences and forward the
important state of the previous state to the next layers based on the gate’s decision. RNN models extract the
correlation between the features sequentially in a time series. However, standard RNN models can be affected
by gradient exploding and vanishing in the features that have a long sequence of dependency. Standard RNN
may fail to capture the long-term temporal correlation between the features because of its gradient vanishing
and gradient exploding problem. Enhanced variants of RNN have been employed to solve the problems of
standard RNN by storing long-term temporal dependency between the features. LSTM and GRU are widely
applied variants of RNN in speaker recognition and other areas. LSTM networks have three types of gates such
as input, forget, and output gates. In the input gate, the information that should be stored in the long-term
memory is decided. The information that should be discarded from the long-term memory and that should be
kept in the long-term memory is decided by the forget gate. New short-term memory information gets generated
from the current input, previous short-term memory information and newly generated long-term memory on
the output gate. LSTM models are more complex because they consist of more gates and a larger number of
parameters than GRU. An overfitting problem and high computational resource consumption are the
disadvantages of LSTM networks. GRU is one of the variants of RNN which uses gates to regulate, manage
and manipulate information in the cells of the neural network. GRU models have only two gates (i.e., Update
and reset gates) that can handle the limitation of LSTM models. In GRU, the update gate shows the
combinations of the input gate and forget gate of LSTM models. The update gate of GRU models mainly
controls the amount of information that should pass from the previous state to the next state. The update gate
minimizes the risk of gradient vanishing and exploding problems by storing the information of the previous
state of long sequence dependency. In the reset gate of the GRU models, the amount of previous information
that should be discarded is decided (i.e., decides whether the previous cell state is useful or not). GRU
architectures are simple in structure because it has only two types of gates in each of the cell. The cell structures
of the RNN variants are shown in Figure 1 [44]. Figure 1(a) shows the cell structure of LSTM networks and
Figure 1(b) shows the cell structure of the GRU networks.

h, he,
\
Cejl 1% £ T\I f' h[_l ,ﬂ_\\ 1Y
S ek ‘ e e
| | [
o, @ tanh
\ A ) LN /,| (/' Ve [_ 4\v/)
AN NG | A 2l he
o o tanh o fe o ) tanh
he—yq ‘ i he ‘ |
%
(a) (b)

Figure 1. The cell structure of RNN variants, (a) the cell structure of LSTM and (b) cell structure of GRU

2.3. Cochleogram generation

Cochleogram is the representation of speech in a two-dimensional (2D) time-frequency image to
employ in speech analysis tasks. The x-axis of the cochleogram represents time, the y-axis represents
frequency, and the color represents the amplitude of the speech sample in the image. The RGB (i.e., red, green,
blue) or grayscale are commonly useful colors to represent the amplitude of the speech during speech analysis.
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The cochleogram generation process comprises pre-emphasis, framing, windowing, fast Fourier transform, and
gammatone filter bank as shown in Figure 2.
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Figure 2. Cochleogram generation process

Pre-emphasis compensates the energy in the high-frequency sample concerning energy in the low-
frequency samples. For the speech sample s[n] and emphasis factor p, the pre-emphasized speech sample y[n]
can be computed according to (1).

y[n] =s[n] —p *xs[n—1]; 091<p<1 Q

The speech signal is very dynamic and obtaining stable information from the long speech sample is
difficult. Framing the speech into fixed short samples is important to find stable acoustic information from the
speech samples. The recommended frame duration to find stable acoustic information ranges from 20ms to
30ms, then each adjacent frame should overlap from 30% to 50%. During framing the edges of the segments
become sharp, the mismatch between the original sample and the segment may occur, and discontinuity
between the segments also happens. Windowing reduces the effect of framing on the sample, which handles
unexpected changes, undesirable frequencies and smoothes the edges of segments. Hamming window have
been widely employed in speech analysis. Each frame Y[n] can be windowed as shown in (2), and the window
function W[n] is calculated as shown in (3).

X[n] =Y[n] «* W[n] (2

wln] = 0.5 - 046 cos (25),0<n<M—1 ?)

In the time domain of the speech signal, obtaining the acoustic characteristics of the speaker is
difficult. The speech signal in the frequency domain is better for finding the acoustic characteristics of the
speaker. Fast Fourier transform (FFT) computes the equivalent frequency domain of the samples of the time
domain, the result is referred spectrum or periodogram. FFT of the input frame X (n) and N number of points
can be computed according to (4).
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Cochleogram can be obtained from the gammatone filters in the equal rectangular bandwidth (ERB)
scale. ERB measures the psychoacoustics of the speech to determine the approximate bandwidths of the filters
in human hearing. Gammatone filters simulate the human auditory system which helps to model the speaker,
language, speech and other information from the speech. It has advantages in representing the speech of low
frequency in finer resolution. The cochleogram generation process follows similar steps with that of the
spectrogram generation, except gammatone filters are used instead of Mel filters. Both GFCC and
Cochleogram features can be generated from the gammatone filter which makes them preferable for speech
analysis under noisy conditions. For the FFT of the speech frames with amplitude a and time t, gammatone
filter of order n and phase shift @ can be computed according to (5). The central frequency fem of the m®
gammatone filter computed from low-frequency f_ and high-frequency fy according to (6). The ERB scale of
the fcm was calculated as in (7). The bandwidth by, of the gammatone filters can be calculated as shown in (8).

g(t) = at™ e 2"bmt cos(mf,mt + @) 5)
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ERB(for,) = 24.7 (4.37 + (-2 + 1) @)

b, = 1.019 * ERB(f.) )]

Each gammatone filter can be used as a feature to model the speaker, speech, language, emotion and
other information by using the speech. Gammatone filters of the given speech in the ERB scale are stacked
together to generate the cochleogram of the given speech. In this study, cochleogram have been used to model
the speaker characteristics and noise information from the speech. Sample speech waveform and its
cochleogram are presented in Figure 3. The speech waveform is shown in Figure 3(a) and cochleogram is
presented in Figure 3(b).
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Figure 3. Speech waveform and its cochleogram, (a) speech waveform and (b) cochleogram

3. METHODOLOGY

The proposed model consists of three basic components such as Cochleogram generation, CNN layers
and GRU layers. Cochleogram generation module has been used to convert each of the speech in the dataset
into the cochleogram. CNN layers were employed to automatically extract short-term correlations between the
features in the cochleogram input. GRU layers were employed to extract long-term feature dependency
sequentially in one direction. The proposed model architecture is illustrated in Figure 4.
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Figure 4. Proposed model architecture

Cochleogram of the speech has been used as an input for training and testing the proposed model.
Therefore, each of the utterances in the dataset was converted into cochleogram to feed the input tensor of the
model. Cochleogram generation was performed according to the sequence of operations in Figure 1. First,
speech is pre-emphasized with a factor of 0.97, then framed into segments of 30 ms by overlapping adjacent
frames with 10ms and each frame passes through the hamming window. FFT of 128 filters and 2,048 filter
points were extracted from each of the windowed frames. To compute gammatone filters from each FFT, the
lower frequency was set to zero Hz and the higher frequency was set to the half of frame’s sample frequency
which is 8,000 Hz. The central frequency of the gammatone filter was computed from the lower and higher
frequencies according to (6) and its ERB scale was computed based on (7). The bandwidth of the gammatone
filters was computed from the ERB scale of central frequency according to (8). Gammatone filters were
computed from each of the fast Fourier transform using central frequency, bandwidth, time, amplitude, and
filter order as input according to (5). Each of the gammatone filters power spectrum was stacked together to
generate cochleogram of the given speech. The cochleogram of size 160x160x3 was used as an input to the
proposed model.
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The proposed model consists of two convolution layers which are followed by two GRU layers. Two
of the convolution layers were employed consecutively at the beginning to extract short-term spatial feature
correlation. The kernel size of 3x3, the same padding, ReLu activation and normal kernel initializer were
employed in each of the convolution layers. The size of filters in the first and second convolution layers were
16 and 32, respectively. To reduce the dimension of features, the maxpooling layer of size 2x2 has been
employed after each of the convolution layers. Batch normalization was also employed after each maximum
pooling layer to normalize the features.

The GRU layers were employed after the last maxpooling layer. The output shape of the maxpooling
layer is not similar to the input shape of the GRU layers. A reshape layer was connected between the
maxpooling and GRU layers to convert the output shape of the maximum pooling layer into an input shape of
the GRU layer. The output of the reshape layer was provided as an input for both GRU layers. The number of
cell units in each GRU layer is 256 units. A normal kernel initializer was used in each GRU layer. A concatenate
layer was employed to concatenate the output of the GRU layers. A single fully connected layer was used after
the concatenation layer to train the networks of the proposed model. The fully connected layer used the output
of the concatenate layer as the input. The softmax activation function was used to identify and classify the
speaker. The number of classes used in the softmax function was 1,251 which is equal to the total number of
speakers in the dataset. Implementation detail of the proposed model is presented in Table 1.

Table 1. Implementation detail of proposed model

Layer No. Layer name Output shape Param #
1 Input (None, 160, 160, 3) 0
2 Conv2D (None, 160, 160, 16) 448
3 MaxPooling2D (None, 80, 80, 16) 0
4 Conv2D (None, 80, 80, 32) 4640
5 MaxPooling2D (None, 40, 40, 32) 0
6 Reshape (None, 40, 1280) 0
7 GRU (None, 256) 1181184
8 GRU (None, 256) 1181184
9 Concatenate (None, 512) 0
10 Dense (None, 1251) 641763
11 Softmax (None, 1251) 0

Total params: 3,009,219
Trainable params: 3,009,219

4. RESULTS AND DISCUSSION
4.1. Dataset

The performance of the proposed model and other models in this study were evaluated by using the
VoxCelebl audio dataset. VoxCelebl audio dataset is an open-source dataset, primarily collected for speaker
recognition tasks. It consists of 153,516 utterances that were collected from 1,251 speakers. All utterances in
the dataset were extracted from various celebrity videos uploaded on YouTube. The proportion of male
speakers in the dataset is approximately 55%. The utterances of the dataset were collected from videos of
English language speakers with different types of accents. The dataset contains utterances with various types
of accents, ethnicities, gender, profession, age, and speaking style. Utterances contain environmental and
channel noises. Each utterance was collected at a sample rate of 16,000 Hz. The number of utterances in each
speaker class is not equal (e.g., the minimum and maximum number of utterances in the VoxCeleb1 dataset
classes are 45 and 1,002 respectively). The original training and test split of the dataset was first mixed into
one. Then, we split the dataset into training, validation and test sets with the ratio of 80%, 10%, and 10%,
respectively. The number of utterances in the splits was not equal for each speaker class because each class
had a different number of utterances. Although the VoxCelebl dataset contains noises in various ratios, it was
assumed as a clean dataset. The models are evaluated by using the dataset with real-world noises, WGN and
without additive noises. The VoxCelebl dataset with the real-world noise was generated by adding one
randomly selected real-world noise (i.e., babble, restaurant and street) to each utterance in the dataset. The
VoxCelebl dataset with the WGN was generated by adding WGN which is generated using Python code to
each utterance at different noise ratios. Real-world noises and WGN were added to each utterance at the SNR
of -5 dB to 20 dB in the interval of 5 dB.

4.2. Implementation details
The experiments in our study were conducted using the TensorFlow library developed for machine
learning and deep learning in Python. The Anaconda navigator was employed to manage important packages
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and was used to deploy the experiment. JupyterLab 3.5.3 was used to write and run code using Python language.
Speech analysis to generate cochleogram was conducted using Spafe (simplified python audio features
extraction) package. We conducted experiments using NVIDIA TITAN Xp graphics processing unit (GPU).
The NVIDIA TITAN Xp GPU has better efficiency than central processing unit (CPU) based computers for
deep learning tasks. The initial batch size and learning rate of the model were set as 32 and 0.0001, respectively.
The optimization function of the root mean squared propagation (RMSprop) optimizer was used to obtain the
optimum results of the model. The categorical cross-entropy loss function was applied to compute the loss of
the model. The models were trained for 50 epochs, at each of the epochs the model’s training and validation
results were computed based on the metrics.

4.3. Results

The experiment of each model was repeated for 10 rounds and the average of the results was used to
report the results of each model. To illustrate the performance of the models experimented in this study, one
training progress of each model under high and low real-world noises were selected. The performance of each
model under high real-world noise (i.e.; at SNR=-5 dB) is presented in Figure 5. The Figure 5(a) presents the
accuracy of models and Figure 5(b) shows the loss of models. The performance of the models on the dataset
with low real-world noise ratio (i.e.; at SNR=20 dB) is presented in Figure 6. The Figure 6(a) and Figure 6(b)
presents the accuracy and loss of models at low real-world noise respectively.
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Figure 5. Performance of models on the dataset with high real-world noise ratio (i.e.; SNR=-5 dB),
(a) accuracy of models at high real-world noises and (b) loss of models at high real-world noises

100 i3 -—- CNN-GRU
N\ —— CNN-BILSTM
“N —-- CNN-LSTM
80 1 e 2DCNN
1
34 \
\
760 4
E £
3 3
2 2
40 7 1 A
i F -—- CNN-GRU |
! —— CNN-BILSTM
01 J —-- CNN-LSTM
- nC
- 2DCNN -
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs
(a) (b)

Figure 6. Performance of models on the dataset with low real-world noise ratio (i.e.; SNR=20 dB),
(a) accuracy of models at low real-world noises and (b) loss of models at low real-world noises
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Table 2, presents an average accuracy of different types of deep learning models in speaker
identification with the WGN at the SNR range from -5 dB to 20 dB. The average accuracy of the models at
SNR equals -5 dB and 0 dB ranges from 71.66% to 91.82% and 83.7% to 94.22% respectively. The average
accuracy of the models at SNR equals 5 dB and 10 dB ranges from 86.61% to 95.96% and 87.48% to 97.52%
respectively. At SNR equals 15 dB and 20 dB the average accuracy of the models ranges from 88.90% to
98.05% and 90.78% to 98.43% respectively. The results show that 2DCNN has the lowest accuracy than other
models at different ranges of SNR, it has an average accuracy range from 71.66% to 90.78%. CNN-GRU model
have the highest accuracy than other models at all the SNR level, it has an average accuracy which ranges from
91.82% to 98.43%. At SNR equals -5 dB, the CNN-GRU model has shown improvements of 4.24% to 20%
on other models. At SNR equals 20 dB the CNN-GRU model achieved an improvement of 0.9% to 7.65%
accuracy. Generally, the proposed CNN-GRU model has better performance under noisy conditions at a
different level of SNR.

Table 2. Speaker identification performance of deep learning models using VoxCelebl dataset with WGN

Method Accuracy (%) at SNR
-5dB 0dB 5dB 10dB 15dB 20dB
2DCNN 7166 837 86.61 87.48 8890 90.78
CNN-LSTM 86.61 89.85 9386 96.35 97.07 97.36
CNN-BIiLSTM 87.58 9151 9472 96.44 97.18 97.55

CNN-GRU (Proposed) 91.82 94.22 9596 97.52 98.05 98.43

Figure 7, presents a comparison of speaker identification performance of different types of deep
learning models experimented on in this study on the WGN-added VoxCelebl dataset at SNR ranges from
-5 dB to 20 dB. The figure shows that the CNN-GRU model has the highest performance in all SNR levels.
2DCNN has the least performance in all the SNR levels. Both CNN-LSTM and CNN-BIiLSTM have relatively
similar performance. In speeches with high noise, the CNN-GRU model has shown the highest improvement
on the other models.
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Figure 7. Speaker identification performance of models using dataset with WGN

Table 3, reports an average speaker identification accuracy of deep learning models employed in this
study on the real-world noise added VVoxCeleb1 dataset at the SNR from -5 to 20 dB. The average accuracy of
the models on the dataset with high real-world noise (at the SNR equals -5 dB and 0 dB) ranges from 71.48%
to 91.33% and 83.52% to 94.03% respectively. On the dataset with medium real-world noise (at SNR equals 5
dB and 10 dB), the accuracy of the models ranges from 86.42% to 95.76% and 87.28% and 97.31%
respectively. The accuracy of the models on the dataset with low real-world noise (at SNR equals 15 dB and
20 dB) ranges from 88.71% to 97.85 and 90.62% to 98.24% respectively. 2DCNN has shown the least
performance on the dataset with real-world noise at different levels of SNR. CNN-GRU model has achieved
better performance than other models on the dataset with real-world noise at different SNR level.

Table 3. Speaker identification performance of deep learning models using VoxCelebl dataset with real

world noises
Model Accuracy (%) at SNR
-5dB  0dB 5dB 10dB 15dB 20dB
2DCNN 7148 8352 86.42 87.28 88.71 90.62
CNN-LSTM 86.39 89.63 93.63 96.11 96.84 97.14
CNN-BiLSTM 87.38 9131 9451 96.22 96.97 97.35

CNN-GRU (Proposed)  91.33 94.03 9576 9731 97.85 98.24
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Figure 8, illustrates the comparison of speaker identification performance of different types of deep
learning models on the datasets with the real-world noise at SNR ranges from -5 to 20 dB. The results show
that the proposed CNN-GRU have higher accuracy than others in all the SNR level. 2DCNN performs lower
than other models in all the SNR levels. There are only small variations between the accuracy of CNN-LSTM
and CNN-BILSTM in most of the SNR levels. CNN-GRU has shown high improvement than other models in
the high noise (i.e., at SNR -5 dB and 0 dB).
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Figure 8. Speaker identification performance of models using dataset with real-world noises

Table 4, presents the speaker identification performance of the models on the VoxCelebl dataset
without additive noise. The results show that the performance of the models ranges from 91.52% to 98.58%.
2DCNN has the least average accuracy which is 91.52% and CNN-GRU model has the highest average
accuracy which is 98.58%.

Table 4. Speaker identification performance of the deep learning models using VoxCeleb1
without additive noise

Model Accuracy (%)
2DCNN 91.52
CNN-LSTM 97.44
CNN-BIiLSTM 97.79
CNN-GRU (Proposed) 98.58

Table 5, provides comparisons of the proposed model performance with the existing works to illustrate
the efficiency of the proposed model. The existing works developed by using the deep learning model on the
VoxCelebl dataset were selected for comparison. The result of the study proposed by Nagrani et al. [45], the
study proposed by Kim and Park [46], and the study proposed by Ding et al. [47] were selected for comparison.
The comparison shows that the proposed model has superior accuracy than the existing works. The speaker
identification accuracy of the study on [45]-[47] are 92.10%, 95.30 and 96.01% respectively. The proposed
model in this study achieved an average accuracy of 98.58%, which outperformed the existing works in speaker
identification.

Table 5. Comparison of CNN-BiGRU based speaker identification performance with existing works

Methods Dataset Accuracy (%)
Nagrani et al. [45] VoxCelebl 92.10
Kim and Park [46] VoxCelebl 95.30
Ding et al. [47] VoxCelebl 96.01

CNN-GRU (Proposed)  VoxCelebl 98.58

Generally, the proposed model performed better than other models experimented with in this study on
the dataset with WGN and real-world noises at different levels of SNR. The proposed model has also performed
better than other models in this study on the dataset without additive noises. The comparison results also
confirmed that our model has better performance than existing works. The main reason for the improvement
of the performance is that the proposed model has integrated the advantages of both 2DCNN and GRU
architectures. Moreover, using cochleogram of the speech as an input improved the efficiency of the models
under noisy conditions.
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5. CONCLUSION

In this paper, a hybrid CNN and GRU model using cochleogram input is proposed for speaker
identification under noisy conditions. Cochleograms were generated from each input utterance to feed into the
model. The model integrated the advantages of both types of deep learning models (i.e., CNN and GRU
models) and the cochleogram features. CNN models have advantages in automatically extracting short-term
feature dependencies, few parameters for model training and adaptive learning from the parameters. The GRU
models have advantages in extracting long-term correlation between features of the speaker, handling gradient
vanishing and exploding problems, and converging faster during training. Cochleogram features have
advantages in classifying speakers under noisy conditions because of the rich acoustic features of speakers and
it has a finer resolution for speech with low frequency. In the proposed model, two CNN layers were employed
first and two GRU layers of 256 cells were followed. The experiments were conducted on the VoxCelebl
dataset with WGN, real-world noises (i.e., babble, restaurant and street) and without additive noise. The WGN
and randomly selected real-world noises were added to the VoxCelebl dataset at the SNR of -5 dB to 20dB in
the interval of 5 dB. To show the effectiveness of the proposed model, additional experiments were conducted
by using the models 2DCNN, CNN-LSTM and CNN-BiLSTM. The model’s performance was evaluated by
using the accuracy. The accuracy of the proposed model was compared with the results of existing works. The
experiment results show that the proposed model (i.e., CNN-GRU model) has better performance than other
models. The comparison also indicates that the proposed model has better performance than existing works.
The main reason for the performance improvements is that the proposed model integrated the advantages of
the CNN model, GRU model and Cochleogram features. In the future, this study can be extended by using
complex hybrid deep learning models. Further studies can also be conducted using a fusion of features as an
input for small datasets.
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