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Abstract— Analysis of feature importance and 
signal to noise ratio (SNR) impact on Gradient 
Boost model-based multilingual speaker 
recognition in noisy environment is presented. 
Specifically. The study examines to what extent 
can signal to noise ratio and also the feature set 
used in the model training effect performance of 
Gradient Boost model in detecting speaker in 
noisy environment. Empirically collected speech 
of 15 persons from different languages and 
cultural backgrounds were used.  White Gaussian 
noise was systematically introduced into the clean 
speech samples at predefined SNR levels, ranging 
from high (30 dB) to low (0 dB). The results 
showed that in terms of accuracy, the model 
performed better with the composite (speech 
signal with white noise) dataset having maximum 
accuracy of 92 % while the clean dataset (speech 
signal only , without noise) recorded accuracy of 
86 %. In terms of precision, the model performed 
better with the composite dataset having 
maximum precision of 93 % while the clean 
dataset recorded precision of 85 %. In terms of F1 
score, the model performed better with the 
composite dataset having maximum F1 score of 

92 % while the clean dataset recorded F1 score of 
83 %. In terms of recall, the model performed 
better with the composite dataset having 
maximum recall of 92 % while the clean dataset 
recorded recall of 86 %. In all, the model 
performance when trained with composite dataset 
is recommended as it gives a robust model that 
can perform well when trained with clean and 
composite dataset. 

Keywords—Feature Importance, Signal to 
Noise Ratio, Gradient Boost Model, White 
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1. Introduction 
The era of smart systems has prompted numerous 

research across the globe [1,2,3]. This is propelled by the 
advancements in sensors technologies, Artificial 
Intelligence (AI) and telecommunications technologies 
[4,5,6]. AI models are making it possible to detect, classify 
and manage things automatically without human 
intervention [7,8]. The AI-based approaches have been 
applied at industrial scales across the globe [9,10].  

In this research, the focus is on the application of 
machine learning model to recognize speaker in a 
multilingual scenario [11,12]. Speaker identification is 
essential in security mechanisms, in customized solution 
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development and also in criminal investigation cases 
[13,14]. However, background noise can affect the 
performance of the model. As such, this work specifically 
focuses on evaluating the impact of the signal to noise ratio 
on the performance of the machine learning model used 
[15,16]. The work also examined the effect o feature set 
uses. In one hand, reducing the features will reduce the 
execution time but it also reduces the model accuracy. 
Therefore, the study seeks to ascertain the impact of feature 
set selection on the performance of the model used for the 
speaker recognition mechanism.  

2. Methodology 
The study examines the effect of signal to noise 

ratio and also the feature set used on the performance of 
Gradient Boost model used for speaker recognition in noisy 
environment. Empirically collected dataset was used.  

 
2.1 Data Collection and Noise Augmentation 

Speech of 15 persons from different languages and 
cultural backgrounds were recorded. The records lasted 
average of 120 seconds. The record were conducted in a 
controlled environment, first with minimal background 
noise, which is taken as the clean dataset without 
background noise. White Gaussian noise was systematically 
introduced into the clean speech samples at predefined SNR 
levels, ranging from high (30 dB) to low (0 dB). This 
process created a composite dataset comprising both clean 
and noisy speech samples, enabling the evaluation of the 
system's performance under varying noise conditions. 

 
2.2 Feature Extraction  

Feature extraction was performed using advanced 
signal processing techniques to derive meaningful 
representations. The following feature models were 
implemented:  

 
i. Mel-Frequency Cepstral Coefficients 

(MFCCs) 

These features model human auditory perception 
by mapping the frequency spectrum onto a mel scale and 
compressing the information using the Discrete Cosine 
Transform (DCT). 
MFCCs were derived by performing the following steps: 

1. Compute the magnitude spectrum of the short time 
fourier transform (STFT) as represented in 
Equation 3.3. 

𝑋𝑋(𝑘𝑘) = ∑ 𝑥𝑥(𝑛𝑛)𝑒𝑒−𝑗𝑗2𝜋𝜋𝜋𝜋𝜋𝜋/𝑁𝑁𝑁𝑁−1
𝑛𝑛=0   (1) 

2. Apply the mel filter bank as represented in 
Equation 3.4 as represented in Equation 2. 

𝑀𝑀(𝑓𝑓) = log(∑ 𝐻𝐻𝑚𝑚|𝑋𝑋(𝑓𝑓)|2𝑀𝑀
𝑚𝑚=1 ) (2) 

3. Compute the Discrete Cosine Transform (DCT) of 
the log power spectrum to derive MFCCs as 
represented in Equation 3. 

𝑀𝑀(𝑓𝑓) = ∑ log�𝑀𝑀(𝑓𝑓𝑘𝑘)� cos �𝜋𝜋𝜋𝜋(𝑘𝑘−0.5)
𝐾𝐾

�𝐾𝐾
𝑘𝑘=1  (3) 

 
ii. Gammatone Frequency Cepstral Coefficients 

(GFCCs) 
GFCCs were derived using the gammatone filter 

bank, modelled to simulate the human auditory system. The 
output of each filter is processed to generate cepstral 
coefficients, emphasizing low-frequency components. The 
output of the 𝑚𝑚𝑚𝑚ℎ gammatone filter is given by Equation 4. 

𝑦𝑦𝑚𝑚(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) ∗ 𝑔𝑔𝑚𝑚(𝑡𝑡) (4) 
Where 𝑔𝑔𝑚𝑚(𝑡𝑡) the impulse response of the 

gammatone is filter and ∗ denotes convolution. 
 

iii. Continuous Wavelet Transform (CWT) 

3. CWT offers time-frequency 
localization for non-stationary signals. The 
continuous wavelet transforms for a signal x(t) is 
given by 5. 

𝐶𝐶𝐶𝐶𝐶𝐶(𝑎𝑎, 𝑏𝑏) = 1
√𝑎𝑎
∫ 𝑥𝑥(𝑡𝑡)𝜓𝜓∗ �𝑡𝑡−𝑏𝑏

𝑎𝑎
� 𝑑𝑑𝑑𝑑∞

−∞  (5) 

Where 𝑎𝑎 and 𝑏𝑏 are the scaling and shifting parameters, and 
𝜓𝜓∗ is the complex conjugate of the mother wavelet. 

iv. Short-Time Fourier Transform (STFT) 

STFT analyzes frequency components over time, 
crucial for detecting transient speech features using: 

𝑋𝑋(𝑘𝑘, 𝑙𝑙) = ∑ 𝑥𝑥(𝑛𝑛)𝑤𝑤(𝑛𝑛 − 𝑙𝑙)𝑒𝑒−𝑗𝑗2𝜋𝜋𝜋𝜋𝜋𝜋/𝑁𝑁𝑁𝑁−1
𝑛𝑛=0  (6) 

 
2.3  Gradient Boosting (GB) 

Gradient Boosting is an ensemble technique where 
weak learners (usually decision trees) are added 
sequentially, each correcting the residual errors of the 
previous one. At each step, the algorithm fits a new model 
to the residual errors of the previous model, updating the 
predictions incrementally. 

The final prediction 𝐹𝐹𝑀𝑀(𝑥𝑥)  after 𝑀𝑀  boosting 
iterations is given in Equation 7 as: 

𝐹𝐹𝑀𝑀(𝑥𝑥) = ∑ 𝛾𝛾𝑚𝑚ℎ𝑚𝑚(𝑥𝑥)𝑀𝑀
𝑚𝑚=1  (7) 

Where ℎ𝑚𝑚(𝑥𝑥)  is the 𝑚𝑚 − 𝑡𝑡ℎ  weak learner (usually a 
decision tree), 𝛾𝛾𝑚𝑚 is the weight associated with the learner, 
𝑥𝑥 is the input feature vector. 

The Gradient Boost model was trained first using 
the clean dataset. The trained model was validated first with 
clean dataset and then with composite dataset of varying 
SNR. Afterwards, the Gradient Boost model was trained 
using the composite dataset. The trained model was 
validated first with clean dataset and then with composite 
dataset of varying SNR.  Furthermore, the model was also 
trained using different number of features ranging from 5 to 
48 features.  
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3. Results and discussion 
 

4.1.4  Performance Evaluation of Gradient Boost 
Model 
The performance evaluation of the Gradient Boost 

model under varying SNR conditions is presented in Figure 
2, Figure 3, Figure 4 and Figure 5 while the performance 
evaluation of the Gradient Boost model under varying 
feature selection conditions is presented in Figure 6 and 
Figure 7. The results in Figure 2, Figure 3, Figure 4 and 
Figure 5 highlight the model's performance at specific 
Signal-to-Noise Ratio (SNR) levels, ranging from 0 dB to 
30 dB at 5 dB intervals, and also at 70 that shows the upper 
value of the SNR used. The results in Figure 2, Figure 3,  
Figure 4  and Figure 5  also compare the models 

performance when trained with cleaned data and composite 
data. In terms of accuracy, the model performed better with 
the composite dataset having maximum accuracy of 92 % 
while the clean dataset recorded accuracy of 86 %. In terms 
of precision, the model performed better with the composite 
dataset having maximum precision of 93 % while the clean 
dataset recorded precision of 85 %. In terms of F1 score, 
the model performed better with the composite dataset 
having maximum F1 score of 92 % while the clean dataset 
recorded F1 score of 83 %. In terms of recall, the model 
performed better with the composite dataset having 
maximum recall of 92 % while the clean dataset recorded 
recall of 86 %. 

 

 
Figure 2 The accuracy for Cleaned Data and composite data 

 
 

 
Figure 3 The Precision for Cleaned Data and composite data 
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Figure 4 The F1 Score for Cleaned Data and composite data 

 
 
 

 
Figure 5 The Recall for Cleaned Data and composite data 

 
Again the results in Figure 6 and Figure 7 show 

the model's performance based on the number of selected 
features, which range from 5 to 48 features at intervals of 5, 
for both clean and composite datasets. 

The clean data trained model performed better 
when validated with clean dataset but performed poorly 
when validated with composite dataset, recording 

maximum accuracy of 47 % with composite dataset and 
maximum accuracy of 86 % with clean dataset. On the 
other hand, the composite data trained model performed 
well when validated with both clean dataset and validated 
with composite dataset, recording maximum accuracy of 84 
% with composite dataset and maximum accuracy of 94 % 
with clean dataset.  
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Figure 6 Validation Accuracy when the model is trained with Clean Data 

 

  
Figure 7 Validation Accuracy when the model is trained with Composite Data 

 
The results in Figure 8 illustrate the Receiver 

Operating Characteristic (ROC) curve and confusion matrix 
for the Gradient Boost model developed using the clean 
training dataset, while Figure 9 shows the ROC curve and 
confusion matrix for the model trained with the composite 
dataset. Collectively, these results offer a comprehensive 
evaluation of the Gradient Boost model's effectiveness 

across various SNR levels, feature sets, and training data 
types, demonstrating its robustness and adaptability under 
different experimental conditions. 

In all, the model performance when trained with 
composite dataset is recommended as it gives a robust 
model that can perform well when trained with clean and 
composite dataset. 
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(a) ROC with Clean Validation Dataset 

 
(b) Confusion Matrix with Clean Val Dataset 

 

 
(c) ROC with Composite Validation Dataset 

 
(d) Confusion Matrix with Composite Val Dataset 

 
Figure 8:  Receiver Operating Characteristic Curve and Confusion Matrix for Gradient Boost Model Developed 

with Clean Training Dataset. 
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(a) ROC with Clean Validation Dataset 

 
(b) Confusion Matrix with Clean Val Dataset 

 

 
(c) ROC with Composite Validation Dataset 

 
(d) Confusion Matrix with Composite Val Dataset 
 

Figure 9:  Receiver Operating Characteristic Curve and Confusion Matrix for Gradient Boost Model Developed 
with Composite Training Dataset. 

4. Conclusion 
Gradient Boost model is presented for speaker 

recognition. The model was applied in different scenarios; 
one the model was trained with clean dataset without 
significant noise and then validated with clean dataset and 
also with dataset having noise components with varying 
signal to noise ratio (SNR) values. Also, the model was 
trained with composite dataset and then validated with 
clean dataset and with dataset having noise of varying SNR.  
Furthermore, the model was trained with varying number of 
features which have been sorted according to feature 
importance ranking. The results show that the model 
performed best in all cases whet it was trained with 
composite dataset. Also, the more the features selected, the 
better the model accuracy. Although, the training time was 

not reported but the impact of more features is that the 
model execution time increases with the number of features 
adopted. In all, the study effectively confirmed that training 
the model with composite dataset makes it more robust in 
identifying the speaker even in noisy environment.  
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