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Abstract 

   Despite the considerable progress made in speaker recognition technologies, 

maintaining robust performance under real-world noisy recording conditions re-

mains a challenging task, as environmental noise can significantly degrade sys-

tem accuracy. This work focuses on a hybrid deep learning architecture that in-

tegrates convolutional neural networks (CNN) and Bidirectional Long Short-

Term Memory (BiLSTM)layers to improve speaker recognition in noisy envi-

ronments. Speech signals sampled at 16 kHz are pre-processed using zero pad-

ding to ensure uniform input length, followed by feature extraction in the fre-

quency domain. The CNN layers are used to learn distinct spectral features, and 

the BiLSTM layers are used to learn temporal dependencies. The proposed 

CNN–BiLSTM architecture was evaluated on the PCM16k dataset in noisy en-

vironments with added Gaussian white noise (AWGN) at various signal-to-noise 

ratios (SNR). Background noise was also added, and the CMU Arctic dataset 

was used to test the generalization capability of the proposed model. The exper-

imental results show that the proposed CNN–BiLSTM model outperforms the 

CNN–LSTM model, achieving a high accuracy of 99.60% and maintaining ro-

bust performance even at SNR = 0 dB, where the model achieves an accuracy of 

86.42%. These findings demonstrate the effectiveness of the proposed CNN–

BiLSTM architecture in enhancing speaker identification performance and im-

proving robustness against severe noise conditions. 
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1. Introduction 
Speaker recognition is the process of an-

alysing and processing the acoustic charac-

teristics that are unique to each individual 

and can be used to verify and identify the 

speaker as biometric characteristics.  Its im-

portance has increased significantly with the 

rapid development of modern technologies, 

including smart devices, voice assistants, and 

digital authentication systems. The need for 

accurate and reliable verification in everyday 

services of speaker recognition, has become 

a critical element in interactions between hu-

mans and machines  

and security   [1]. 

Speaker recognition systems still face 

challenges in noisy environments, such as 

real-world environments where reverbera-

tion, channel distortion, and background 

noise lead to reduced system accuracy and 

increased error rates.[1] Pre-processing of 

the audio signal and feature extraction are 

critical for increasing the robustness of the 

model against noise. [1]. Deep learning tech-

niques can be applied to enhance speaker 

recognition systems. Convolutional neural 

networks (CNNs) are used for extracting 

spectral features of speech signals, and 

memory-based models like long short-term 

memory (LSTM) are successfully applied for 

modelling temporal dependencies between 

speech frames. Hybrid models of convolu-

tional neural networks (CNNs) and (LSTM) 

have demonstrated enhanced overall perfor-

mance, especially when compared to conven-

tional techniques like I-vectors and Gaussian 

mixture models (GMM) .[2] Moreover, self-

lsupervised and adversarial learning tech-

niques have been applied for enhancing the 

extraction of speaker embeddings from large 

amounts of unlabelled audio-visual data. 

These techniques improve the differentiabil-

ity of embedding's and avoid dependence on 

fully labelled datasets [3]. Nonetheless, chal-

lenges remain that affect the accuracy of the 

model, particularly in conditions with high 

noise levels or when using diverse recording 

devices. There is a need for robust models to 

overcome these challenges, and these limita-

tions lead to the design of hybrid architec-

tures, combining CNNs and BiLSTM mod-

ules to efficiently capture spectral and tem-

poral speech features while ensuring high ac-

curacy and robustness in noisy environ-

ments. Figure 1 illustrates the general work-

flow of the speaker recognition system, 

showing each stage from data input to deci-

sion making. This overview of the diagram 

provides a clear understanding of the system.  

 
 

Figure: 1 Diagram of the basic steps of a speaker identification system. [4] 
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2. RELATED WORK 
    Deep learning, through the development 

of technology in current techniques, is gain-

ing more popularity and attention than ma-

chine learning (ML). This is because deep 

learning has the ability to maintain system 

accuracy and handle large data sets. It is also 

used on real-world data. In general, machine 

learning requires a lot of experience and hu-

man supervision or intervention in order to 

implement the learning models. This pro-

vides opportunities for innovations in the 

learning model because it can handle a huge 

amount of data[5]Due to improvements in 

accuracy and method-logical architecture, 

deep learning (DL) methods have experi-

enced a resurgence. However, current limita-

tions of DL approaches include theoretical 

accumulation and unjustified DL models. 

Despite these shortcomings, companies that 

manage large da-ta sets rely heavily on DL 

techniques due to their superior predictive 

capabilities. [6]Some types of techniques are 

listed in Table1. 

 
 

 

 

Table 1:This table shows some types of datasets and some techniques used for speak-er 

recognition and the results 
 

Title Dataset Year Results Techniques limitations 

[7]Speaker 

Identifica-

tion in 

Different 

Emotional 

States in 

Arabic 

and Eng-

lish 

KSU Emotion 

&  

EPST dataset 

2020 accuracy=97.18 

 

CRNN,  Spectrogram   The model deterio-

rates and becomes 

less accurate in emo-

tional situations 

[8] Novel  

Hybrid 

DNN Ap-

proaches 

for 

Speaker 

Verifica-

tion in 

Emotional 

and 

Stressful 

Talking 

Environ-

ments 

 

 SUSAS data-

base, and  

(RAVDESS) 

2021 EER= 0.22 

AUC = 0.99 

Hybrid DNN 

 DNN + HMM 

HMM  +DNN 

DNN + GMM 

GMM + DNN 

 

 

Needs more time to 

be trained 

[9] CASA 

- Based 

Speaker 

Identifica-

tion Using 

Cascaded 

GMM-

CNN 

Classifier 

 

Noisy  +Emo-

tional 

 speech da-

tasets 

SUSAS, ESD,  

RAVDESS 

2021 Precision=0.82 

F1scor=0.81 

Recall=0.81 

ROC=0.80 

 two different modules: 

a CASA Model Convo-

lutional Neural Net-

work Classifier for 

Speaker Identification. 

The computational 

complexity of the 

model 
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3. Dataset 
    In this work two datasets were used The 

first dataset consists of 

(16000_pcm_speeches) is baseline dataset 

previously used in related work The second 

dataset (CMU Arctic) is used to evaluate the 

generalization capability of the model. 

 

 

 

 

[10] Aug-

mentation 

vs Noise 

Compen-

sation for  

x-vector 

Systems 

 

VoxCeleb1/2 2021 improves the per-

formance  of EER.  

to 58% 

Feature extraction 

(MFCC)  

x-vector systems 

System performance 

decreases in the 

presence of noise 

compared to noise-

free environments. 

[11] Deep 

Learning  

Algo-

rithms 

Based  

Voiceprint 

Recogni-

tion Sys-

tem in 

Noisy En-

vironment 

VoxForge 2021 accuracy=96% MFCC -CNN and RW-

CNN. 

When dealing with 

raw audio, the effi-

ciency of the system 

decreases. 

[12] A 

Deep  

Neural 

Network  

Model for 

Speaker  

Identifica-

tion 

Aishell-1with 

Gaussian 

white noise 

added 

2021  

Accuracy of 

91.56% 

 

CNN, RNN→LSTM. 

 CNN, GRU. 

System accuracy de-

teriorates when 

noise is added 

[13] Ex-

tended U-

Net for 

Speaker 

Verifica-

tion in 

Noisy  En-

viron-

ments 

 

 

VoxCeleb1 

test set 

and VOiCES 

dataset 

2022 EER =6.53  

Extended U-Net, U-Net 

 

[14] Anal-

ysis of  

Speaker 

Identifica-

tion Using 

YOHO  

Dataset 

 

YOHO Eng-

lish Speech 

Dataset 

2023 Accuracy= 

91.93% 

DNN/MLP, LSTM, 

And BLSTM.  

MFCC/Spectrogram 

The model  was  only 

applied to clean 

data. 
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3.1 (16000_pcm_speeches) dataset 
 

    Kaggle speaker recognition dataset 

(16000_pcm_speeches), This dataset is di-

vided into two folders.  [15] 

 

 

 
 

 

• The first folder contains a dataset of sam-

ples from five speakers in interviews and 

speeches recorded in different outdoor envi-

ronments, 

• The folder named background noise 
 

contains audio files that are not speeches but 

can be found in and around the speaker's en-

vironment, such as audience laughter or  

applause. They can be mixed with the speech  

 

 

during training. [16] 

 

 
 

 

 

3.2  (CMU Arctic) dataset 
• Source:  

"https://www.kaggle.com/datasets/mrgabriel

blins/speaker-recognition-cmu-arctic/data" 

• Carnegie Mellon University (CMU) 

• Type of data Speech Signals File format 

WAV 

• This dataset consists of recordings in a 

clean environment and was previously used 

for speech   analysis, but has recently been 

used for speaker recognition, uses different 

accents, it can be accessed  directly.[17] 

• The dataset contains 12,486 samples and 

18 speakers 

           

 

 

 

 

Table 2: Summary of the Speech Dataset (16000_pcm_speeches) Used in This Study. 
 

Attribute Description 

       Source "https://www.kaggle.com/datasets/kongaevans/speaker-recognition-
dataset" 

Data Type Speech signals 

File Format WAV  

Sampling Rate 16,000 Hz 

Number of Speakers 5 

Total Number of Samples 7501 

Noise Type 

 

 

Babble noise, clapping sounds (Real-world acoustic conditions) 

 

https://www.kaggle.com/datasets/mrgabrielblins/speaker-recognition-cmu-arctic/data
https://www.kaggle.com/datasets/mrgabrielblins/speaker-recognition-cmu-arctic/data
https://www.kaggle.com/datasets/kongaevans/speaker-recognition-dataset
https://www.kaggle.com/datasets/kongaevans/speaker-recognition-dataset
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Table 3: Number of samples per speaker 

Speaker Samples Speaker Samples Speaker Samples 

Awe 906 haw 474 aup 474 

Awb 910 axb 474 bdl 906 

Clb 906 eey 475 fem 474 

Gka 474 jmk 909 ksp 906 

Ljm 474 lnh 905 rms 906 

Rxr 

  

533 slp  474 slt 906 

 

4 .Proposed Methodology   
4.1 System overview 

   The proposed speaker recognition system 

consists of four main steps: 

 pre-processing, feature extraction, deep 

learning of features, and classification. This 

pipeline works because it separates the prob-

lem into three complementary tasks, 

first, presentation (FFT), make structure vis-

ible, second, Spatial learning (CNN), extract 

spectral 

cues, third, Temporal modeling 

(BiLSTM) capture dynamics. The following 

diagram explains the structure of the model. 
 

As shown in Figure. 2, the input audio is pro-

cessed and features are extracted, then passed 

through five residual CNN blocks to extract 

strong spectral features before being fed into 

the BiLSTM layer for temporal modelling. 

 

Figure 2: Architecture of the proposed 5 Residual Blocks CNN + BiLSTM speaker 

recognition model. 

 

4.2 The proposed model was trained using 

three different training scenarios: 

▪ In the first scenarios: the model was 

trained using the original audio data without 

adding any noise. more details are available 

in Section (5). 

▪ In the second scenarios: the model was 

trained using audio data with added back-

ground noise to represent real-world environ-

ments. more details are available in  Section 

(6). 

▪  In the third scenarios: the model was 

trained after adding White Gaussian noise 

(AWGN)used different SNR 20,15,10,5,0. 

more details are available in Section (7). 
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4.3 Pre-processing and Features Extrac-

tion 

Speech signals are pre-processed to extract 

frequency characteristics used in speaker 

recognition tasks. The database consists of 

audio recordings containing noise (Babble 

noise, clapping sounds), sampled at 16 kHz, 

and organized into folders according to 

speaker identity. 

Initially, each audio file is loaded and con-

verted to a single-channel (mono) signal. To 

ensure uniform signal length, signals longer 

than one second are truncated, and shorter 

signals are padded with zeros in the time do-

main to reach 16,000 samples, which is 

equivalent to one second of audio. 

Next, the time signal is converted to the fre-

quency domain using Fast Fourier Transform 

(FFT), where the magnitude spectrum is cal-

culated and only the positive frequency com-

ponents are retained due to the symmetry of 

the spectrum in real signals. 

Finally, the extracted features for each 

speaker are collected and saved in com-

pressed files in (. npz) format to facilitate the 

loading process, the data is divided into: 

training set, verification set, and test set. To 

prevent data leakage and ensure fair evalua-

tion of the model, 

Stratified samples are applied based on 

speaker identity. The random seed is set to 43 

to ensure: Balanced distribution of classes 

 across groups. the ability to reproduce the 

experiment and obtain consistent results. The 

pre-processed data was used for speaker 

identification in a close set environment. 

Then it is entered into the model 

4.4  Residual CNN Blocks 
4.4.1 General Principle 

Convolutional neural networks (CNNs) are 

effective models for extracting features from 

high-dimensional data such as spectral sig-

nals or sound waves, thanks to their ability to  

capture local patterns through convolutional 

filters.  

However, as the depth of the network in-

creases, it becomes difficult to maintain the 

gradient flow during training, which can lead 

to the vanishing gradient problem, where the 

effects of the first layers decrease during 

backpropagation.  

• Residual Connections 
  The idea of residual networks (ResNet) was 

proposed to overcome this problem by using 

residual connections that directly connect the 

layer's input to its output. The basic meth-od 

is to allow the block to learn the residual dif-

ference between the input and output in-stead 

of learning the complete transformation.  

Its basic formula is: 

(𝑥)= H(x)-x You learn only the differences. 

H(x)=𝐹(𝑥)+𝑥 

Where: 𝑥, x is the input to the block(𝑥)  

F(x) is the representation learned by the lay-

ers within the block 

H(x) Represents the final output 

Thanks to this structure, deeper networks can 

be trained with higher efficiency, improving 

the extraction of subtle acoustic features rel-

evant to the speaker. [18] 

Function of layers within the block: 

• 1D Convolution: This extracts local spatial 

or temporal patterns from the spectral signal. 

• Activation Functions: These include ReLU, 

which introduces non-linearity to the model, 

allowing it to learn non-linear relationships. 

• Max Pooling: Max Pooling: This reduces 

dimensions, allowing the model to concen-

trate on the most significant features while 

also reducing complexity. This combination 

of layers enables the model to learn hierar-

chical features that are valid for more stable 

speaker identification. 

4.5 BiLSTM–Bidirectional Long Short-

Term Memory Layer 

Recurrent Neural Networks (RNNs) are spe-

cifically designed for handling sequential 

data, where the states retain a partial memory 

of the former timeline, which is a significant 

aspect of signal sequences, like audio.  

However, the basic RNN model has diffi-

culty in understanding long-term temporal 
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dependencies because of the vanishing gradi-

ent problem. Hence, the LSTM (Long Short-

Term Memory) network was proposed, 

which incorporated gates (input, forget, out-

put gates) to delay the information flow. 

4.5.1 Bidirectional processing 
   Instead of processing sequences in the tra-

ditional front-to-back manner, BiLSTM uses 

two networks: 

• The first moves backward from the past to 

the future 

• The second moves forward from the future 

to the past 

This technique provides rich contextual in-

formation in both directions, increasing the 

model's ability to recognize long-term acous-

tic patterns. 
 

4.6 Classification Layer 
   The output of the BiLSTM layer is fed into 

fully connected dense layers, followed by a 

softmax output layer. The softmax function 

produces posterior probabilities for each 

speaker class, enabling multi-class speaker 

identification. 

 

4.7 Model Optimization 
   Adam and early stopping were used. 

Early stopping prevents overfitting and en-

sures generalization, while Adam reduces the 

loss function by adjusting learning rates. 

4.8 Training Configuration and Parame-

ters 
 
 

In this section, all parameters used in model 

construction are explained. Filters are men-

tioned, as well as the number of blocks, etc. 

To evaluate the robustness of the proposed 

system under noisy conditions, additive 

white Gaussian noise (AWGN) is introduced 

at SNR levels. The performance of the sys-

tem is evaluated using multiple evaluation 

metrics. 

 

 

 

Table 4. Training Configuration and Parameters 
 

Category Parameter Value 

Data Split Training / Validation / Testing 80% / 10% / 10%, seed=43  

Loss  Loss function Sparse -Categorical-  cross entropy  

CNN Architecture Number of residual blocks 5 

CNN Filters Filters per block 16, 32, 64, 128, 128 

Kernel Size Convolution kernel 3 

Activation Func-

tion 

CNN & Dense layers ReLU 

Pooling MaxPooling size 2 

LSTM Type Type & Units Bidirectional, 128 units 

Dense Layers Fully connected layers 256, 128 

Output Layer Activation function Softmax 

Optimizer Optimization algorithm Adam 

Batch Size Samples per batch 128 

Epochs Maximum epochs 100 

Early Stopping Patience 10 epochs 

Noise AWGN SNR levels 0, 5, 10, 15, 20 dB 

5. Results: PCM dataset 
  The proposed model was tested and trained 

using the dataset (of 16,000 pcm). The model 

contained audio recordings taken in a noisy 

environment and had a test accuracy of 

99.60% and a test loss of 0.0171. The error  
 

 

 

rate had a value of 0.0053. The AUC values 

for all speaker classes ranged from 0.9999 to 
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1.0000, with overall AUC scores of 1.0000. 

This confirms the robustness of the model 

and its applicability in real-world environ-

ments. 

5.1. :Accuracy curve 
 

 
 

 

 

 

 

 

 

 

 

 

 

Figure 3: Accuracy curve of the CNN–BiLSTM model on the original PCM dataset 

 
The graph shows how the accuracy of the 

model improved over time, The tempo-

rary decline observed at epoch 13 can be 

attributed to a transient fluctuation in the 

Adam optimization algorithm while bal-

ancing the weights between the spatial 

features extracted by the CNN and 

 the temporal context modeled by the 

BiLSTM. The model quickly overcame 

this fluctuation through self-correction, 

with the model reaching peak accuracy 

after approximately 15–20 training 

epochs. 

The training and validation curves also 

indicate that the model does not over fit. 

5.2.  The loss curve 
 

 

Figure 4: loss curve of the CNN–BiLSTM model on the original PCM dataset. 

 
 

The loss curve shows how the loss drops 

over time (epochs) for both training and 

validation data. The model was trained 

for approximately 30 epochs and reached 

a stable point after about 20 epochs. 

 

5.3. Receiver operating characteris-

tic  
    Creating a ROC curve contributes to a 

deeper evaluation of the classification mod-

el's performance, as it relies on calculating 

both the true positive rate (TPR) and the false 
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positive rate (FPR) at different decision 

threshold levels. The values are obtained us-

ing the ROC_curve function of the metrics 

module in the scikit-learn library. The AUC 

coefficient, extracted via the AUC function 

of the same module, is used to measure the 

area under the ROC curve. The true positive 

rate is plotted on the vertical axis, and the 

false positive rate on the horizontal axis, with 

the curve representing the relationship be-

tween them across different classification 

thresholds. 

 

 
 

Figure. 5: ROC curve of the CNN–BiLSTM model on the original PCM dataset. 

The proposed model achieved an AUC of 

1.00, ✔️ indicating excellent discrimina-

tion capability. 

The black dotted line shows random per-

formance (AUC = 0.5), meaning that  

any point on this line indicates that the 

correctly predicted proportion (true posi-

tive rate) is exactly equal to the incor-

rectly predicted proportion (false positive 

rate). 

AUC per speaker: 
 

 

 

Table 5: Area Under the Curve (AUC) Values for Each Speaker and Overall 

Model Performance 

Speaker AUC Speaker AUC 

Benjamin_Netanyau 0.9999 Jens_Stoltenberg 1.0000 

Julia_Gillard 1.0000 Magaret_Tarcher 1.0000 

Nelson_Mandela 1.0000 Total AUC 1.0000 

 
 
 

 

5.4.  equal error rate (EER): 

EER is one of the most commonly used met-

rics in speaker recognition tasks, and EER is 

the point at which (FAR = FRR). EER is de-

termined using the mathematical equation 

(1): [19] 

EER =
1

2
(
FAR+FRR

2
)                 (1)        

                    

Where in Equation (1), By calculating EER, 

we will be able to identify the places where 

the system is likely to commit both types of 

errors (FRR and FAR) to the same degree. 

[19] 

Error Rate= 0.004: This rate is considered 

very low and is excellent in most classifica-

tions, indicating that the model has a high 

predictive power. 
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5.5. confusion matrix 

   The confusion matrix represents the perfor-

mance of the speaker classification model. 

This graph compares the actual/true catego-

ries with the predicted categories for five po-

litical figures.  

 

 

 
 

 

Figure 6: confusion matrix of the CNN–BiLSTM model on the original PCM dataset. 
 

 

Overall performance The concentration of 

high numbers on the main axis indicates that 

the model has high accuracy and good ability 

to distinguish between different speakers. 

Model performance analysis: 

Correct predictions: Large numbers on the 

main diagonal (dark blue cells) indicate true 

positives. For example, 150 instances of Nel-

son Mandela's voice were correctly 

 classified as Nelson Mandela.  

False predictions: Numbers outside the main 

cluster are misclassifications (False Posi-

tives/Negatives). The model shows very few  

errors, such as incorrectly classifying 3 in-

stances of Benjamin Netanyahu's voice as 

Jens Stoltenberg.      

6.  Model Evaluation after add 

background noise 
    Noise was added to the background using 

noise clips extracted from the original da-

taset, and these clips were segmented into 

one-second intervals to match the length of 

the audio samples, in order to evaluate the 

robustness of the model

.. 
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Table 6:To illustrate the performance evaluation of the speaker recognition model using two 

types, CNN–LSTM and CNN–BiLSTM, on the original PCM data and data with added back-

ground noise. 
 

Dataset / 

Noise 

Model Test Ac-

curacy 

(%) 

Test 

Loss 

Precision 

(VA) 

Recall 

(VA) 

F1-

score 

(VA) 

Incorrect 

Predictions 

AUC EER 

(%) 

Original 

(PCM) 

"CNN–

BiLSTM 

" 

99.60 0.014 0.9960 0.9960 0.9960 3 0.9998 0.65 

Original 

(PCM) 

" CNN–

LSTM" 
98.14 0.0453 0.9815 0.9814 0.9813 14 0.981 1.86% 

Background 

Noise 

"CNN–

BiLSTM 

" 

95.07 0.198 0.9510 0.9507 0.9506 37 0.9860 4.20 

Background 

Noise 

" CNN–

LSTM" 
89.35 0.4830 0.8938 0.8934 0.8926 80 0.988 5.66 

 

 

From the table, it can be seen that the CNN–

BiLSTM model consistently performs better 

than the CNN+ LSTM model, both on the 

original PCM16k dataset and on data with 

added background noise. The CNN–

BiLSTM model achieves higher evaluation 

metrics, demonstrating greater robustness 

and generalization ability even under noisy 

conditions The results indicate that the 

CNN–BiLSTM model achieved the best 

 

 performance in the case of the original data 

(PCM1), with an accuracy of 99.60%, as well 

as high Precision, Recall, and F1 scores, all 

of which reached 0.9960, and a significant 

decrease in the number of false predictions 

(only 3). This reflects the model's ability to 

represent temporal characteristics in both 

forward and backward directions with high 

efficiency. 

 

 

 

Table7: The table shows the effect of Adam and skip connection on performance. 

 
Dataset / Noise Model Test Ac-

curacy 

(%) 

Precision 

(VA) 

Recall 

(VA) 

F1-score 

(VA) 

Incorrect 

Predictions 

Background 

Noise 

"CNN–LSTM " used 

module without skip 

connection 

87.75 0.8764 0.8774 0.8761 92 

Background 

Noise 

"CNN–LSTM " used 

module without skip 

connection + Adam 

72.97 0.7391 0.7297 0.7292 203 

 

As for the CNN–LSTM model without Skip 

Connection, it recorded the lowest perfor-

mance (87.75%), with an increase in the 

number of false predictions to 92, indicating 

that removing the Skip Connection mecha-

nism negatively affected 
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the flow of information within the network 

and weakened its ability to retain important 

features, especially in the presence of noise. 

This indicates that the use of CNN residual 

block is stronger than CNN block. 

As for the CNN–LSTM model without Skip 

Connection and Adam lower perform after 

add Adam accuracy high 72.97 to 87.75 

Overall, the results show that integrating 

CNN with BiLSTM with skip connection 

with Adam provides superior performance in 

speaker recognition tasks, both in clean and 

noisy conditions, and enhances the robust-

ness and noise resistance 

of the model compared to other architectures

. 
                                   

 

The table provides a comparative analysis of 

previous studies and the proposed CNN-

BiLSTM model for speaker recognition, fo-

cusing on the dataset used, model type, noise 

type, and key performance metrics. The com 

 

Table 8: Comparison of the proposed hybrid model and previous work on the same data set 

Reference Year Dataset Model Type of 

noise 

Results 

[20]An Ensemble Ap-

proach for Speaker Identi-

fication from Audio Files 

in Noisy Environments 

2024 PCM 

16000 

BiLSTM Only noise in 

dataset 

Test accu-

racy=0.929 

Test Loss=0.263 

Test Mean 

squared er-

ror=0.0218 

[16]An investigation into 

the 

 reliability of speaker  

recognition schemes:  

analysing the impact of 

 environmental factors 

 utilising deep learning 

techniques 

2024 PCM 

16000 

CNN model add back-

ground noise 

ROC   ) ar-

eas=0.83) 

[21]Deep Learning and 

Fourier  

Transform for Speaker  

Recognition(DLFSR) 

2025 PCM 

16000 

CNN model  Only noise in 

dataset 

accuracy=0.9871 

   Proposed methodology 2026 PCM 16000 CNN–BiLSTM Only noise in 

dataset , Add 

background 

noise 

accuracy= 0.9960 

 loss= 0.0171. 

MSE= 0.001916 

ROC (ar-

eas=1.0000) 

Error Rate= 0.004 

Add background 

noise 

accuracy= 0.9507 

ROC (ar-

eas=0.9860) 
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parison demonstrates the superior perfor-

mance and high robustness of the proposed 

approach in both the original data environ-

ments and after adding background noise. 

7. Model Evaluation under Differ-

ent SNR Levels 

    White Gaussian noise (AWGN) was added 

to the original dataset, and we now have new 

data for each level at different signal-to-noise 

ratio (SNR) levels of 0, 5, 10, 15, and 20 dB 

The noisy data was then divided and entered 

into the model in order to test the model's ro-

bustness against noise. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Through this graph, we can see how the audio signal was distorted after adding snr=0. 
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7.1. Classification Report: 
 

 P:  precision  

R:   recall   

F1: f1-score    
 

 

Table 9: Report of classification by speakers (P, R, F1) across different SNR levels 

Speaker Support Original Noisy 
Speech 

SNR 20 SNR 15 SNR 10 SNR 5 SNR 0 

"Benjamin 

Netanyahu" 

150 P:0.9934 

R:1.0000 

F1:0.9967 

P:0.9932 

R:0.9733 

F1:0.9832 

P:0.9655 

R:0.9333 

F1:0.9492 

P:0.9645 

R:0.9067 

F1:0.9347 

P:0.8987 

R:0.9467 

F1:0.9221 

P:0.8231 

R:0.8067 

F1:0.8148  
 "Jens Stol-

tenberg" 

150 P:1.0000 

R:0.9933 

F1:0.9967 

P:0.9671 

R:0.9800 

F1:0.9735 

P:0.9600 

R:0.9600 

F1:0.9600 

P:0.9664 

R:0.9600 

F1:0.9632 

P:0.9589 

R:0.9333 

F1:0.9459 

P:0.8269 

R:0.8600 

F1:0.8431  
 "Julia 

Gillard" 

151 P:1.0000 

R:0.9868 

F1:0.9933 

P:0.9934 

R:1.0000 

F1:0.9967 

P:0.9934 

R:1.0000 

F1:0.9967 

P:0.9867 

R:0.9801 

F1:0.9834 

P:0.9600 

R:0.9536 

F1:0.9568 

P:0.8024 

R:0.8874 

F1:0.8428  
"Margaret 

Thatcher" 

150 P:1.0000 

R:1.0000 

F1:1.0000 

P:0.9868 

R:0.9933 

F1:0.9900 

P:0.9613 

R:0.9933 

F1:0.9770 

P:0.9255 

R:0.9933 

F1:0.9582 

P:0.9667 

R:0.9667 

F1:0.9667 

P:0.9034 

R:0.8733 

F1:0.8881  
 "Nelson 

Mandela" 

150 P:0.9868 

R:1.0000 

F1:0.9934 

P:1.0000 

R:0.9933 

F1:0.9967 

P:1.0000 

R:0.9933 

F1:0.9967 

P:0.9867 

R:0.9867 

F1:0.9967 

P:0.9932 

R:0.9733 

F1:0.9832 

P:0.9853 

R:0.8933 

F1:0.9371  
 

 
 

Table 10: Performance of the speaker recognition model in noisy conditions with different 

levels of SNR (PCM dataset) 

 
Condition SNR 

(dB) 

Test Accu-

racy (%) 

Precision 

(VA) 

Recall 

(VA) 

F1-score 

(VA) 

Correct Pre-

dictions 

Incorrect Pre-

dictions 

Original 

Noisy Speech 

…… 99.60 0.9960 0.9960 0.9960 748 3 

Noisy 20 98.67 0.9867 0.9867 0.9867 741 10 

Noisy 15 97.60 0.9760 0.9760 0.9759 733 18 

Noisy 10 96.54 0.9660 0.9654 0.9652 725 26 

Noisy 5 95.47 0.9555 0.9547 0.9549 717 34 

Noisy 0 86.42 0.8682 0.8642 0.8652 649 102 

 
 

Table 11: compares the performance of the CNN–BiLSTM on PCM 16000 and CMU Arctic data under 

different SNR) conditions and original data. 

 

 
 
 

 

 
 

Table 11: SI performance across multiple datasets under different SNR 

 
Condition / 

SNR 

Dataset Accuracy 

(%) 

Precision 

(Macro) 

Recall 

(Macro) 

F1-score 

(Macro) 

Correct Pre-

dictions 

Incorrect 

Predictions 

Original  PCM 

16000 

99.60 0.9960 0.9960 0.9960 748 3 

Original  CMU 

Arctic 

97.52 0.9751 0.9752 0.9749 1218 31 
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The results show that the accuracy of the model 

is reduced when noise is increased through dif-

ferent SNRs, which is expected. 

However, it gave strong results and did not col-

lapse even at SNR=0, which indicates that it is a 

model that can be used in the real world. 

 

8. Discussion 
  The experimental results showed that the pro-

posed model based on the integration of CNN + 

BiLSTM achieved better accuracy and noise re-

sistance compared to the traditional CNN + 

LSTM model. Replacing the unidirectional 

LSTM layer with a bidirectional BiLSTM layer 

resulted in a significant improvement in classifi-

cation accuracy when testing the model on the 

original data. This improvement is due to 

BiLSTM's ability to extract temporal dependen-

cies from both directions (forward and back-

ward), allowing for a more accurate representa-

tion of the acoustic signal characteristics.  

The results also showed that adding Skip Con-

nection (Residual Blocks) within the CNN layers 

greatly contributed to improving feature extrac-

tion and reducing information loss during deep 

passing. The model based on the residual archi-

tecture (Residual CNN) outperformed the tradi-

tional CNN model, confirming that the use of 

skip connections helps stabilize the training pro-

cess and enhances the model's generalization 

ability. 

Since there was no database available with all 

types of real-world noise, we introduced some 

background noise to test the robustness of the 

model in adverse environments. Though the 

original dataset had environment noise, additive 

white Gaussian noise (AWGN) was introduced 

at varying levels of signal-to-noise ratio (SNR = 

20, 15, 10, 5, 0 dB) to test the model's robustness 

in adverse environments. 

As expected, the performance gradually reduced 

with the increase in noise levels, but the reduc-

tion was marginal and did not go to the extent of 

failure even at SNR = 0 dB The minimum accu-

racy achieved was 86.42%, which is a clear indi-

cation of the robustness of the model compared 

to the previous studies, where the performance 

drastically reduced at low noise levels. 

On the other hand, the second dataset, which was 

slightly imbalanced, also showed slightly re-

duced performance, but the values were within 

acceptable limits, indicating the model's capabil-

ity to handle class imbalance without much loss 

of accuracy. 

The results clearly indicate that the integration of 

the residual structure of CNNs and BiLSTM lay-

ers offers a robust framework for speaker recog-

nition in noisy audio environments. 

SNR 20 PCM 

16000 

98.67 0.9867 0.9867 0.9867 741 10 

SNR 20 CMU 

Arctic 

94.00 0.9408 0.9400 0.9395 1174 75 

SNR 15 PCM 

16000 

97.60 0.9760 0.9760 0.9759 733 18 

SNR 15 CMU 

Arctic 

93.43 0.9246 0.9180 0.9203 1167 82 

SNR 10 PCM 

16000 

96.54 0.9660 0.9654 0.9652 725 26 

SNR 10 CMU 

Arctic 

89.75 0.8866 0.8745 0.8777 1121 128 

SNR 5 PCM 

16000 

95.47 0.9555 0.9547 0.9549 717 34 

SNR 5 CMU 

Arctic 

87.51 0.8610 0.8491 0.8475 1093 156 

SNR 0 PCM 

16000 

86.42 0.8682 0.8642 0.8652 649 102 

SNR 0 CMU 

Arctic 

83.51 0.8142 0.8160 0.8109 1034 206 
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9. Conclusion 
   In this study, a robust speaker identification 

system was developed by integrating Convolu-

tional Neural Network (CNN) and Bidirectional 

Long Short-Term Memory (BiLSTM) architec-

tures to effectively extract both spectral and tem-

poral characteristics from speech signals. The 

CNN layers were employed to learn discrimina-

tive spectral features from FFT-based represen-

tations, while the BiLSTM layers captured long-

term temporal dependencies within speech se-

quences, resulting in improved speaker discrimi-

nation capability. 

To evaluate the effectiveness of the proposed ap-

proach, extensive experiments were conducted 

on the original PCM speech dataset and under 

various noisy conditions generated by adding ar-

tificial noise at different Signal-to-Noise Ratio 

(SNR) levels. Furthermore, the CMU Arctic da-

taset was utilized to assess the generalization ca-

pability of the model on unseen speech data. Ex-

perimental results demonstrated that the pro-

posed CNN–BiLSTM model consistently out-

performed the baseline CNN–LSTM architec-

ture across different testing scenarios. The model 

achieved an accuracy of 99.60% on the original 

dataset and maintained strong robustness under 

severe noise conditions, achieving an accuracy 

of 86.42% even at an SNR level of 0 dB. 

These findings confirm that the integration of 

CNN and BiLSTM layers provides a powerful  

 

 

framework for speaker identification in noisy en-

vironments by effectively learning complemen-

tary spectral and temporal information. Moreo-

ver, the results indicate that the proposed model 

can maintain reliable performance despite signif-

icant degradation in speech quality caused by en-

vironmental noise. 

Future work may focus on evaluating the pro-

posed architecture using larger and more diverse 

speech corpora, incorporating real-world envi-

ronmental noise sources, and investigating ad-

vanced feature extraction and data augmentation 

 

 techniques to further improve system robustness 

and generalization performance. 
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