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ABSTRACT

SPEAKER VOICE RECOGNITION USING FEATURE SELECTION
AND SVM CLASSIFICATION

AL GHAZI, Hassaneen Ehsan Kareem
M.Sc., Information Technology, Altinbas University,
Supervisor: Asst. Prof. Dr. Abdullahi Abdu IBRAHIM
Date: 12/2022
Pages: 67

Gender recognition based solely on the speaker’s voice is a fairly simple task for any human
being, however, it’s not as simple as it is for humans compared to any computing systems, the
task requires multiple tedious processes of feature recognition and selection, and multiple
computational processes to acquire such experience in gender recognition. neural networks (NN)
has always been the best choice when it comes to image and audio classification and other
pattern analysis tasks, the accuracy and precision of the output results widened the prospect of
utilizing the different ANN variations in voice recognition, in this paper we present a system
design for using K-nearest neighbor network to further enhance the results of the gender

detection results by the voice recognition process.

Keywords: Feature Extraction, KNN, Fuzzy Logic, Gender Detection, Voice Recognition.
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1. INTRODUCTION

1.1 BACKGROUND

There is little doubt that determining a person's gender is a simple task for the human brain to do,
but robots are not able to deal with the same quantity of information or time intervals as humans
are. There is little doubt that determining a person's gender is an easy task for the human brain to
do. To train a computer to provide results that are acceptable and correct when determining the
gender of a speaker solely based on the aural input, a massive amount of secondary input data is
required. This is because training the computer requires a lot of data. It is not possible to
differentiate between male and female voices based purely on the auditory information available.
The reason for this is that male and female voices sound identical. The procedure for identifying
a person's gender based on audio samples is depicted in Figure 1.1. Which is an example of a
general model that can be used to determine the gender of an audio sample by applying deep
learning technique:

Classification

Speech
Non-speech

Clustering

Speaker Speaker

Audio
s| Ac.Change
g Clustering Identification

Detection

‘I
]
1
1
]
1
1
:
1

Gender I-—)-
:
:
1
:
1

Figure 1.1: Generic model for audio-based gender detection
Three major stages are involved in the process:

i. Filtering off background noise from of the audio sample to avoid using it as input data,

which might lead to errors in the final computation.
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ii. To be used as training & comparison data, extract the input sample's characteristics.

iii. Compare it to the characteristics retrieved in the second phase, assign a classification

to the testing audio sample.

The use of deep learning techniques to audio datasets has lately shown excellent results, as
demonstrated by SVM [1], CNN [2], and KNN [3], or artificial neural networks [4] and genetic
algorithms [5], as well as other forms of swarm algorithms [6-17]. The graphic below is an

example of how deep learning may improve the performance of natural language processing.
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Figure 1.2: CNN as an example of NLP
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Figure 1. 3: Showing the featured extracted by the KNN algorithm.

KNN is used to solve classification and prediction problems when features from both labels (men

and women) interconnect together in such a shared attributes [18], which may cause some

difficulties in the classification step while using a hybrid Feature extraction approach like the one

shown in the Figure. KNN is used to solve these problems. As a result of this, we decided to use

KNN as our classification and prediction method of choice because it is used to tackle problems



of this kind where features from both labels interconnect together in the form of shared

attributes.
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Figure 1.4: The training process of the KNN algorithm.

1.2 PROBLEM STATEMENT

An rise in the amount of interaction that takes place between humans and computers has resulted
in the development of algorithms for speaker identification as well as gender detection in
biometrics. These improvements have been motivated by the rise in human-computer contact,
despite the fact that it is difficult for a computer to discern between male and female voices in an
audio sample. When applied to a detection method that makes use of a feature extraction and
classification algorithm, the accuracy of the feature extraction and classification processes has a
direct bearing on the degree of precision with which gender can be effectively detected. This is
because the accuracy of the feature extraction and classification processes is directly related to

the accuracy of the detection method.



1.3 CONTRIBUTION

To provide a brief summary, we developed a KNN scheme in order to extract wavelet transform
features from an audio file. After that, we used the same algorithm in order to categorize these
features into labels. After that, we tested the dependability of the software by importing a fresh
test file into the system and performing the same series of operations on it as we had done
previously. Because the KNN method is not a feature extraction strategy but rather a
classification algorithm, it is typically used in conjunction with a feature extraction strategy in
order to improve performance. This is due to the fact that the KNN method is not a feature
extraction strategy. This is because the KNN method is not a feature extraction strategy, which is
why this result occurred. The KNN is broken down into its component parts in greater depth in

the stages that follow this one:

a. Assemble the audio data in the appropriate format.

b. Set the value of k to a negative number.

c. lIterate from one training data point to the whole set of training data points in order to
establish the projected classification.

d. Calculate the difference in distance between each row of training data and each row of test

data. We will use the Euclidean distance as our distance metric since it is the most often used

distance metric. Other metrics, cosine, and others, may also be used.

The estimated distances are sorted according to their ascending distance values.

To get the first k rows of the sorted array, use the following formula.

Get the class that is most often used in the row.

o «Q -~ o

Return the class that you were expecting.
1.4 OBJECTIVES

The primary objective of this study is to develop a model for identifying the gender of a speaker
based on their voice, which can then be applied in a wide variety of contexts. This project is
based on the hypothesis that a fuzzy logic model may be able to outperform a conventional
personal computer in terms of the actual performance they are capable of achieving. The
parallelism of neural networks as well as the methods that are employed to extract data are to

blame for this phenomenon. In conclusion, the goal of this project is to generate a considerable
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relative improvement in reaction time, throughput, and energy efficiency so that the model can
be operated on an embedded multi purpose system rather than on a fuzzy logic model. This

improvement will allow the model to function more efficiently.

In order to provide a clearer picture, the following categories of endeavors will be included
within the ambit of the project:

I. Anaudio signal extracting features system that can extract vocal information that can be used
to identify the gender of the speaker should be designed.

ii. Design & train a fuzzy logic system using the feature extractor system.

iii. Use a general-purpose embedded architecture to implement a neural network method
utilizing the feature extraction method and the previously trained deep neural network.
Working in real-time and optimizing efficiency while also reducing difficulty of the task at
hand.

iv. Improving performance by using the architecture's inherent qualities and optimizing reaction
time and reducing power usage.

v. Make a comparison between the two designs in terms of reaction time, throughput and power

consumption.
1.5 THESIS STRUCTURE

The rest of the thesis is organized as follows: Chapter 2 is where we will review some of the
previous works implemented in the gender detection process, in Chapter 3 we will explain the
methods and materials used in our proposed method, Chapter 4 is where we will put our
proposed method in perspective, in Chapter 5 we will review the results of our method and
compare it with other methods used, and in Chapter 6 we will conclude our work and open the

door for future work.



2. LITERATURE REVIEW

Some of the earlier approaches for filtering and determining the gender of a speaker are
described in this chapter, and some of their findings will be utilized to compare our results with

theirs.

2.1 VOICE RECOGNITION

Improved speaker identification was achieved via the use of a range of JITTER & SHIMMER
variations in conjunction with speech recognition technology. Moreover, it was discovered [21]
that the best results were obtained when the PNCC coefficients were combined with the
SHIMMER CV. A hacker classification would categorize the least distorted proposed hostile
audio network as goals, but our classifier would label it as such. [22].

~ | : feature voice
’ \\ )) } » ..... ronne ’ ....................... > ..... EXtraction ..... } ....... recogn|t|0n

Audio Files Data Collection Signal

Analysis Speaker Voice
Recognition

Figure 2.1: Voice recognition steps.

This was accomplished by directly linking the class labels of a audio input to a mixed Gaussian
prior, that was then applied to a supervised i-vector model [23], as described above. A novel
hybrid feature extraction strategy was developed for the first time by merging the model with
binary and ternary patterns, and this was the first time this had been done. [24] When creating an
Arabic ASR model, it was important to distinguish between the several dialects of Arabic that
were heard. In order to classify illnesses, we created a voice-based classifier that used LBP &

CNN to features extracted from a variety of datasets [26].



2.2 GENDER DETECTION

Gender-based activities need a precise characterization of the gender of the individuals involved.
The notion of gender definition is not a new one. However, during the past many years, the
employment of computer systems to carry out this operation has undergone steady improvement
and development. Based on the speech characteristics extracted from the sample and processed
by long short-term memory extractors, an accuracy of 98.4 percent was reached when attempting

to estimate the gender. With the help of this innovative technique [27].

male

audio Classification
recording Algorithm

female

Figure 2.2: Gender detection process.

In order to determine if extensive training of various speech categorization algorithms is
beneficial for testing or not, a comparative study was carried out [28]. The model was built on
22 deferment Amazigh characters, and it was utilized to discern between genders of characters

according on their voice features [29].
2.3 VOICE FILTERING

The method of speech filtering consists on de-emphasizing and filtering incoming audio in order
to remove excess or unwanted information. It has been discovered that it the two-stage rVAD

performs best in an environment with high noise and low frequency [30].



Figure 2.3: VAD and LSTM based model for gender detection.

Developed a novel way for using the parallel processing capabilities of a Bidirectional Recurrent
CNN to filter out loud voice samples using a Bidirectional Recurrent CNN A large number of
audio samples were surveyed and then turned back into audio samples so that they could be

utilized as training data for a deep learning speech filtering algorithm [32].

g
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Figure 2.4: Domains of audio filtering.



In order to do Gaussian filtering of audio samples, we investigated and developed an adversarial
learning inference (ALI) model. A skin-attached hardware device was developed in order to test
multiple deep learning voice filtering algorithms in real time. SCSE approaches [34] for
supervised single-channel speech enhancement have been studied. It is necessary to isolate
useful information from background noise in order to obtain the most valuable voice recordings

[35] from audio samples.



3. MATERIALS AND METHODS

In this chapter we give a brief background on some of the techniques implemented in our model

and go through some of the reasons why we chose these techniques over similar other ones:
3.1 VOICE FILTERING USING FUZZY LOGIC

Audio filtering is a necessary step for preprocessing any input audio as any noise in the audio file
may yield a miscalculation in the final classification output of the method [37], we experimented
with many audio filters such as adaptive median filter and low pass filter etc. but the linearity of
those filters lead to us searching for a non-linear approach in denoising the audio file, other
filters had a hard time deciding if the feature of an audio sample is noise or not [38], we wanted a
method that works on that gray area of deciding whether the feature is a noise or an actual audio
feature, Fuzzy logic algorithm works on that gray area and showed to give great results when it

comes to denoising the audio file [39]. The figures below show the workflow of the fuzzy logic

1 Rule 1 - if A==Low & B==Poor then Aud

¥ N\ |
Ol
(_ (A] Audio Signal Level | 7\4\ \
\ / Rule 2 - if A==None & B==Poor then None C

L/
/A

N

\ \| Rules Combined ‘
2 and »—{ Output
&/ Defuzzified

WS Rule 3 - If A==High & B==Good then Avis
\\
\

i

~\ /

( [B] Visual Quality <’N

N J .\
\u
\‘\\
\ \!

Y Rule 5 - If A==Low & B==Good & C=Avis then Avis

<‘ [C) Previous Frame )/ »\\ /

; /
‘ Rule 6 - f A==Low & B==Good & C==Aud then Aud

Rule 4 - If A==None then None

Figure 3.1: General model of the Fuzzy logic audio filtering [40].

audio filtering.
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Figure 3.2: MATLAB implementation of the Fuzzy logic audio filtering.

We proposed a new speech interval detection algorithm based on fuzzy c-means clustering to
detect speech intervals from noise-intensive speech signals. Figure 3.1 shows the proposed voice
interval filtering and enhancement algorithm. It is a volumetric flow chart. First, when a voice
signal with mixed noise is input, calculate the entropy of the call. Then, the initial speech section
is detected using the calculated entropy. After the signal determined as noise through the
detection of the initial speech section is subjected to the fuzzy membership transition technique,
the proposed fuzzy membership Transient c-means clustering is used to detect the main negative
section. Through this process, a voice interval detection signal with separated speech and noise

is obtained.
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degree of
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0

Figure 3.3: Degree of membership in Fuzzy logic audio filtering.

Figure 3.2 presents a breathtaking illustration of a set that is available for your inspection. When
applied to the fields of information and communication, in addition to signal processing, one is
able to conceptualize entropy as an inverse thermostat. This is a viable way to think about
entropy. Simply put, "statistical chaos™" is what its name means when taken in its literal form.
The Brock line, which is a component of the algorithm that is suggested for detecting speech
intervals, is also used as a measure of the amount of information that is already present in the
data [10]. This is done by comparing the length of the line to the total amount of information that
is already there. To accomplish this, a comparison must be made between the amount of
information that is currently present and the amount of information that has previously been
there. It is possible to extract the statistical features that are inherently present in the data that
have been gathered from the audio signal if the degree to which entropy has changed over the
course of time is quantified and measured. These data were acquired from the audio signal. An
explanation of the following expression for the probability p [x I of the signal x | at a specific
point | in the time domain is provided as follows: Within the context of the overall speech signal,
the likelihood is stated as the relative magnitude of the signal multiplied by I. This gives an idea
of how likely something is. Here, max (x) refers to the value that has increased by the greatest
amount across the entirety of the frame, and the entropy H (k) in a certain frame k of a given

speech signal is defined in accordance with Equation (2) [10].

Where " signifies the whole length of the frame that was used in the computation of the entropy,

and " stands for the symbol ". In addition, the entropy of the time, which is calculated by using

12



equation (2), is utilized to not only represent the entropy of the signal for continuous data but
also to calculate the change over time in the entropy in relation to the standard deviation of the
mean entropy and the entropy in the frame. Both of these functions are dependent on the
continuous nature of the data. This is achieved by employing the entropy of the time as a means
of not only representing the entropy of the signal but also calculating the change in the entropy
that has occurred over the course of time. In order to carry out these computations, the entropy
of the signal is first applied to the continuous data in order to determine its value. The expression
E (t) can be written out in a variety of ways, one of which is demonstrated in the following

example [11].

The overall average of H is denoted by the symbol M (H) in this equation, while the overall
standard deviation of H is denoted by the symbol S (H). Figure 2 displays the entropy of the
speech signal that was obtained by applying equation (3) to it, together with the voice signal that
was used in the experiment. Figure 2 also displays the voice signal that was used. Figure 2

shows depicts the voice signal that was utilized in the experiment.

The speech signal is depicted in Figure 2a along with an increase in the amount of white noise
equal to 5 dB SNR, and the entropy of the speech signal is depicted in Figure 2b. Both telephone
numbers are provided below for your reference and convenience. When (a) is contrasted with
(b), it is clear that in (b), which is symbolized by the entropy of the signal, the speech component
is greatly increased, whereas the noise element is attenuated. This is because the entropy of the
signal represents the signal's degree of disorder. This is because the entropy of the signal is a
representation of the value b. This point can be driven home by drawing comparisons and
contrasts between the two. This feature was used to its full potential in order to successfully
complete the initial speech section detection using entropy, which is covered in this body of
work. The corresponding equation is applied at various points along the duration of carrying out
this activity (4). In this particular instance, the threshold for the voice section detection was set
to 0, allowing the first stage of the process for detecting voice sections to be carried out
successfully. The following diagram, which may be seen further down on this page, illustrates
this point:

13
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Figure 3.4: Degree of membership grades in Fuzzy logic audio filtering.

In the voice section (VAD, voice activity detection), the fuzzy algorithm can be applied to
various voice processing systems such as voice recognition and ventilator, which is an important
feature that contributes to the overall performance of the system [15]. In addition, the fuzzy
algorithm can be used to detect voice activity in the VAD section. It is possible to make use of
the most cutting-edge technological equipment, speech recognition software, and a range of
other functions between the texts, which is the place where the presentation material has
emerged. Utilize the Wiener filter in addition to the Kalman filter, both of which are from the
class of voice recognizers that are currently seeing extensive application. The quinceanera is
traditionally performed in the traditional (stop) fashion. This is the most common method. The
irregularity elimination stage of the pre-processing stage of speech recognition has finally been
achieved, although the process is moving along rather slowly at the moment. The recognition of
sounds happens regardless of whether or not there is abnormal noise present. It improves the
zero crossing rate (ZCR) and energy efficiency of the current method for feature extraction,
while at the same time decreasing the amount of computation and energy that is required for
speech recognition performance. Despite the fact that it is no longer employed, the unvoiced
sound that is used in Korean should be kept separate from other sounds [18]. There are
alternative approaches to feature extraction, like as likelihood ratio (LR) and entropy, that are
regarded as being more trustworthy than [4]. These additional approaches include: When
listening through statistical features, in point of fact, the extraction of performance features takes

place.
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Exceptionally high levels of performance are displayed by it [7-8]. In addition, Asgari [9] has
strong performance in sentence units in the SNR environment when the speech section of the
speech section syllable employing entropy is good in the frequency domain. This is the case
when the speech section of the speech section syllable utilizing entropy is good. In an
environment with a high signal-to-noise ratio (SNR), this will be the case. The standard voice
codec that the ITU-T uses for its commercial communication product, G729, features a VAD
algorithm that delivers good performance. It is a performance that does not even come close to
meeting the bar. For the purposes of this particular piece of research, the signal entropy is taken
into consideration. Suggest. The entropy in the transitional c-average standing time is used as an
additional dividing factor in the suggested fuzzy connection. This results in an additional
division between the speech segment and the zone. In that location, the temperature tick sound
segment and the nasal sound section are distinguished as being the two various types of zones
that can be found there. Experiments under strict supervision devised with the purpose of
determining whether or not the proposed algorithm is useful. An SNR setting was used
throughout the experiment, and the speech signal that was being used was formatted in the form
of sentences. In order to perform a comparison between the outcomes of the experiment and the
algorithm, a number of graphs and objective values of the voice interval were utilized. The
strategy that was advised as a direct consequence of this has been fairly successful as a direct

consequence.
3.2 FEATURE EXTRACTION USING KNN

The Fast KNN methodology makes the KNN-based feature extraction functionality available to
users. It creates new features with a multiplicity that is equal to k times c, where c is the
maximum number of class labels that can be generated. Based on the distance between the visual
and its nearest neighbors under each category, the following formula is employed to determine
whether or not new features have been added to the visual: The first test feature consists of the
distances between each test sample and the sample that is geographically closest to it in the first
stage. Within the confines of the first stage, these distances are measured. The second part of the
examination involves making a tally of the distances that separate each test sample from the two
test samples that are located directly next to the first stage of the examination. The third part of

the examination entails making a count of the distances that separate each test specimen from its
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three immediate neighbors close to the beginning of the process. And this continues to happen.
During this procedure, the label of each class is repeated, which results in the development of
new features that are k times c in size. After then, the CV approach was used to incorporate new
training features in order to stop an excessive amount of utilization of the older ones. Matches
are available. You have the option of setting the number of threads that will be used through the
use of the thread parameter. The ideas that were presented in the answer that was regarded to be
effective for the classification issue served as the basis for the development of the method of
feature extraction that has been suggested in this article.

Original Features KNN Features
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Figure 3.5: Extracted features in from a clear input.
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Original Features KNN Features
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Figure 3.6: Extracted features in from a noisy input.

The newly developed zone of interest served as the foundation for establishing the category of
liver free shadow nodule that was present. It is necessary to conduct separate research on each
potential topic of interest in order to discover the characteristics that share commonalities with
one another. The histogram makes it possible to extract features including those that have a
value that is higher than the threshold, the percentile CT attenuation value, and textural
attributes. The information pertaining to these four distinct categories of participants is presented
in Table 1. The following is a list of characteristics that were determined to be present in The
major information that is used by the histogram function comes from the histogram that is
associated with the area of interest.

Both the numerical value that was acquired and the brightness level that was considered to be the
bare essential need for the liver free shade tubercle were found to be same.

This computation also takes into account the brightness level that is capable of reaching its
maximum. One of the qualities of the value that composes the threshold is the fact that The term
"highlight pixel” refers to a pixel that, in relation to the brightness values of the other pixels,
possesses a brightness value that is more than a particular brightness value. In order to arrive at
this particular result, a portion of the total number of cells has been applied as a factor in the
calculation. There is not a lot of complexity in the characteristics that make up the range for the

limit that has been exceeded.
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Both the solid component and the glass shade component both come with a variety of different
brightness levels thanks to this feature.

It is measured using a scale that ranges from a value of -1 000 (HU) all the way up to a number
of 100. (HU). The amount of brightness, as measured by the percentile CT scale, is as follows:
The brightness features correspond to a particular percentile, such as 75% or 97.5%, while the
value features correspond to 2.5%, 25%, and 50% of all of the pixels that are located in the
region of interest. A region of interest typically has elements of value that can be discovered
there.

Both Contrast Road and the contrast matrix (gray)level co-occurrence matrix; GLCM) can be
found woven into the fabric of the material. In the process of computing the gray level run-
length matrix, also known as GLRLM for its abbreviation, this matrix will be utilized. The
computation takes into account both the distance that separates each individual pixel and the
direction that they face relative to one another. The morphological and textural properties of the
nodule will be covered in this discussion [6,7]. Because of this, there are 286 features in the
region of interest that is represented in 2D, 3D857 features in the region of interest that is
represented in 2.5D, and 253 features in the multi-view region of interest that is shown in 2.5D.
There are a total of 2529 features, and 25D of them can be found inside a 2.5D multi-view-slab
zone of interest. There is access to the capability of extracting features. Within the confines of a
region of interest that is just two-dimensional, there can be found a total of eight histograms. The
following is a list of some of the characteristics that have been retrieved from the data:
characteristics, twelve excess thresholds, five percentile CT brightness values, sixteen levels,
and one hundred eighty-six different factors to investigate. There were three distances and four
directions considered in the analysis of the level 32 KNN features, as well as the same number of
directions for both the level 16 and level 3288 KNN features. a zone of interest that is three-
dimensional (ROI) In total, the histogram contains 8 features, there are 12 criteria for excess, and

there are 5 bags.
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In the event that it is desired to do so, the Quartile CT brightness value characteristic can be
recovered, along with three distances measured at 16 and 32 levels. There are a total of 546
GLCM features that account for 13 directions across 16 levels, and there are a total of 286
GLRLM features that account for 13 directions over 32 levels. A total of 72 histogram features
with brightness values that were higher than 108Threshold and in the 45th percentile of CT were
found in the 2.5D multi-view area of interest and the 2.5D multi-view slab region of interest.
These features were found in both the area of interest and the slab region. Both level 16 and
level 32 were responsible for the discovery of these aspects of the histogram. 15 12 GLCM traits
that account for three distances in addition to four directions; 792 GLRLM traits that account for
four directions at levels sixteen and thirty-two The retrieval process includes each and every one
of the qualities. Relevant for the purposes of classification on the basis of characteristics
collected from each area of interest When deciding which characteristics are the most important,
selecting them needs very little work but produces a huge number of irrelevant background
noise. It was decided that the optimal solution would involve a Relief feature selection method
that was less sensitive. C [8]. The day Data that represent a number of different classes are
broken down into the respective categories that they are a part of as part of the KNN algorithm.
Find the data that has the characteristics that are most similar to the data that was chosen. The
data that is regarded to be of the same class is referred to as the "k-nearest hits," and it is called
the data that is in the class that is k the closest to it. And the k data that are the most comparable
one to another across all of the other categories.

After that, we refer to it as the "k-nearest misses," which is an abbreviation. The efficiency of the
characteristics that were chosen for selection all during the process of classification In order to
make the calculation of the weights that the attribute represents easier to perform, the entire
attribute has been assigned a weight. After the initialization of the teeth, if the k-nearest misses
option was selected, the weight of the eater will be dropped if their distance is closer than the k-
nearest hits. This will take place only if the k-nearest hits option was also selected. This will take
place only if the option to find the k-nearest hits was also selected. It is possible for the weights
to fall anywhere on the scale from -1 to 1, and they can. When the value is higher, the

categorization is considered to have a higher level of relevance to the topic at hand. Main
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We are going to assign a particular amount of weight to each region of interest in order to
calculate the total number of features that are present in the dataset. Variability in the relative
weights of the qualities that are responsible for the majority of the graph's contributions When
determining the 2D region of interest, it is necessary to take into consideration the total number
of features that were derived from this. The ten most fascinating aspects of, in addition to the
thirty-five most fascinating three-dimensional points of interest Characteristics, one hundred of
the most significant features discovered within of the 2.5D multi-view-slab region of interest
The top one hundred features in the 2.5D multi-view region of interest are referred to as
"features.” The top one hundred features in the 2.5D multi-view region of interest are referred to
as "features.” Displayed for consideration during the screenings Currently, the GLCM feature,
which is one of the cross-tipped characteristics, consists of skewness and kurtosis, as well as
maximum intensity, the 97.5th of percentile CT brightness value, technical Entropy and its
inverse, and the 97.5th of percentile CT brightness value. In addition, it also includes the 97.5th
of percentile CT brightness value. In addition to this, one of the cross-tipped characteristics is
the maximum intensity.

GLRLM, on the other hand, possesses characteristics that are also present in SRE, GLN, RLN,
and RP.

They are chosen, in the vast majority of instances, to represent one of the four main fields of
academic research.

Histograms of mixed liver free shade nodules are a few examples of the attributes that have been
picked.

The operation of this solid component has a direct impact on the state of health of the pure liver
free from tubercle, which allows it to return to its normal level.

According to the findings of the tomography test, the distribution of mixed liver free shadow
tubercles appears to be different from patient to patient.

It is evidence that the consistency is more varied than that of a color that is completely free of

liver. This can be seen by comparing the two,
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Figure 3.7: Comparing feature extraction accuracy in KNN and other method.
3.3 AUDIO CLASSIFICATION USING KNN

There has been many attempts and approaches used to classify an audio sample based solely on
the features of the audio, some of them show good results while others fail to determine the label
of the audio sample, this failure is attributed to the lack of parallel processing and the linearity of
classifying the similar features of the same audio samples, but KNN algorithm proved to reach
better results when it comes to finding similarity of multiple audio sample features in the form of
wavelets when its converted to Discrete wavelet transform or DWT, the KNN classification and

feature extraction processes is shown in the figures below:
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Figure 3.8: Feature extraction and classification process of the KNN.
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We can calculate the distance between two scenarios using some distance function, where they

are conditions that are compounded by factors, such as. The two functions of distance are

discussed in this summary:

Total distance:
da(x,y) = X olxi — yil 3.1)

Euclidean distance estimation:

dg(x,y) = Xilo/xi® — yi? 3.2)
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Because the distance between the two conditions depends on the times, it is recommended that
the resulting ranges are calculated by the fact that the mean of the statistics in all data is 0 and

normal

random

: assign to
select k "*  centers cluster
("“’ . .~:- “s._
: / 2 4
Tl — s e ..':‘ Vol
o ? \«::k;". | 3
&~ centers & repeat : end

Figure 3.9: Selecting the K in KNN

Deviation 1. This can be done by replacing the color according to the Next activity:

x == (3.3)

o(x)

Where the value is excluded, refer to feature statistics for the entire data set, its standard

deviations also the sum of the obtained values. Arithmetic mean is defined as:
— 1 oN .
X = EZi:l xi (3.4)

Then we can calculate the standard deviation as follows:

0() = L3I, (i - 1) (35)
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Remote operations As mentioned earlier, we only discuss full and Euclidean grade functions.

However, we may choose to offer real, hidden values or uses convert them to using the equation

function
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Figure 3.10: Classifying the K in KNN

This technique is applied for the purpose of doing data analysis throughout the course of the
supervised learning process, and more specifically when dealing with challenges pertaining to
categorization. The categorization problem refers to the challenge of determining which category
an existing collection of data currently belongs to when new data is introduced. This can be a
tough task when new data is introduced. Because of this difficulty, it may be difficult to
determine which category an existing piece of data currently belongs to. The k-NN approach is a
forward-thinking strategy, and "since is the group whose data it matches closest, then is the

group,” says that it needs to be applied. It is feasible to classify it as a specific kind of algorithm.
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[Case in point:] [Case in point:] The value of k is a number that reflects the number of times that
one has to evaluate the data that is geographically nearest. This number may be thought of as
representing the number of times that one must evaluate the data. Within the parameters of this
discussion, the value of k is denoted by the number. Today, shall we have a look at an example
that is a little bit more concrete? Why don't we go ahead and try that? Assume that there is one
more piece of data N in addition to the six current pieces of data A to F, as shown in figure
(3.11) below. This would mean that there are a total of seven pieces of data. Because of this,
there will now be a total of seven different bits of data. This would suggest that there are a total
of seven distinct pieces of information that need to be taken into consideration at this time. In the
situation in which k is equal to one, the newly obtained data will be categorized only on the basis
of the C that is most similar to the other three options. This will occur in the case in which k is
equal to one. As a consequence of this, the letter N is positioned under the heading designated
as, which is the same heading as the letter C. This is a direct result of the circumstances that
have arisen. When the value of k is equal to three, the newly acquired information is organized
into categories by taking into account the letters C, D, and E because these are the ones that are
located in the location that is closest to the third distance. When the value of k is equal to two,
the information is organized into categories by taking into account the letters A, B, and D
because these are the ones that are located in the Everyone is on board with the concept of voting
in accordance with the path that receives the majority of votes in the event that there is dispute
within the group right at this very minute. At this very moment, it will transform into the ratio 1:

2, and the symbol that will appear next to it will denote the variable N.

If k is equal to 5, then the most accurate way to classify newly obtained data is to search up to
the fifth nearest C, D, E, and B accordingly. This is because this approach searches up to the
fifth nearest neighboring value. This will guarantee that the facts are categorized in the most
logical and useful way possible. At this particular moment, the ratio shifts to three to two, and N
is classified as an a. N can be understood in a number of different ways, each of which is
different depending on the amount of k that are present. These methods are dependent on one
another. Despite the fact that nothing has changed in regard to the facts, this is still the case. The
phase in this method that involves picking the proper value for k is one that is extremely
necessary. (2) The difficulty caused by the several units of measurement that are used for

determining distance - Work needs to be completed before the standardization k (Euclidean
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distance) can be computed. This work must be done before the distance can be measured.
Standardization. When attempting to calculate the Euclidean distance, it is of the utmost
importance to choose the unit that is most appropriate for the calculation. This is due to the fact
that several units each have their own unique relationship to the computation. The proximity of
two points to a k-NN reference frame is used to determine the Euclidean distance between those

points and any other two points.

Take for example the data that was displayed earlier on the y-coordinate; the symbol for the
dollar ($) was used as the unit of measurement when referring to that specific instance of the
data.

As of right now, the Euclidean distance between point A and point N is 3.162, but the Euclidean
distance between point B and point N is only 2.828. As a consequence of this, point B is located

in a location that is situated in a location that is closer to point N than point A is.

On the other hand, let's assume that we come to the realization that the circle ought to serve as
the new standard for the measurement of y-coordinates. In the event that one dollar is equivalent
to one thousand won, the graph will be altered so that it more accurately depicts the situation.
This will ensure that the data presented is always accurate.

It is possible to draw the conclusion that point A is located in a position that is more
advantageous to point N given that the Euclidean distance between point A and point N is

currently 1000.004, whereas the Euclidean distance between point B and point N is 2000.001.

In this way, the distance varies depending on what the unit of each variable is, and as a
consequence of this, the order in which things are determined to be closest to one another also
shifts around. In other words, the order in which things are determined to be closest to one
another is also shifted around. In other words, the order in which things are determined to be
closest to one another is also subject to change. This means that the order in which things are

closest to one another can change.

Because this indicates that the order is not the same, the classification result for k-NN will be
different because the order is not the same in this case. It is possible to draw the conclusion that
the order is different given that the fact that it is different indicates that the order is different. As
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a consequence of this fact, the k-NN method necessitates that the data be normalized in advance
of its application in order for it to function in an appropriate manner. This is an essential
requirement for the successful operation of the technique. members of the K who are considered
to be of the highest prestige. You are strongly encouraged to return to this page in order to
acquire knowledge regarding how to determine the value of k that is the most precise. This is as
a direct result of the fact that. To put it another way, you are able to check and determine the
quantity of k that is required for an accurate classification of validation data based on train data.
This can be done by using the train data. Using the data from trains is one way to accomplish
this goal. It is possible to achieve this objective by making use of the information that was

gathered in the past.
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Figure 3.11: Proposed KNN model.
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Figure 3.12: Proposed KNN workflow.

The k-nearest neighbors algorithm is a supervised learning classifier that is non-parametric and
makes use of proximity in order to produce classifications or predictions about the grouping of
an individual data point. It does this by taking into account how closely related data points are
located to one another. It is able to accomplish this by taking into consideration the proximity of
the data points that are associated to one another. This is made possible by taking into account
the geographical proximity of the data points that are connected to one another in some way.
This can be accomplished by conducting an investigation into the data point in issue in terms of
the context of its immediate surroundings. The amount of data points that are believed to be
located in the most immediate vicinity to one another is where the expression "nearest
proximity" got its start. This is also where the name of the methodology derives from, so it's
fitting. It is also sometimes referred to as KNN or k-NN, the latter of which is the more frequent
abbreviation, especially in certain circles. In certain communities, it is also commonly referred to
as k-NN. The categorizing process is when this method shines the brightest and is used the most
frequently. This is as a result of the fact that it is dependent on the idea that points that share
similar qualities may be located in close proximity to one another. The reason for this is that it is
predicated on the assumption that comparable features can be found. This is because putting the

idea into practice is the part of the process that presents the fewest challenges to the average
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person. This presumption serves as the foundation upon which the method is built and is
therefore referred to as the cornerstone. It is used for classification the vast most of the time,
despite the fact that it may be used to solve problems involving regression or classification.
However, the vast majority of the time, it is used as a method for classification.

In classification problems, a class label is issued on the basis of a majority vote, which means
that the label that is utilized is the one that is most frequently represented around a specific data
point. This means that the vote that determines which label is used is based on the frequency of
representation. This indicates that the vote that decides which label will be used will be
dependent on the amount of times each representation is cast in the vote. This suggests that the
vote that determines which label will be used will be depending on the number of times each
representation is cast in the vote. Specifically, the vote will decide which label will be used based
on how many times each representation is cast. This leads one to believe that the vote that
decides which label will be used will be dependent on the number of times each representation is
cast in the vote. To be more specific, the number of times each representation receives a vote
will determine the winner of the vote, which will then determine which label will be utilized.
Because of this, one could be led to believe that the vote that determines which label will be used
will be based on the number of times each representation is cast in the vote. To be more exact,
the winner of the vote will be determined by the number of times each representation obtains a
vote. The winner of the vote will then choose which label will be used. Even though the process
at hand is more accurately referred to as "plurality voting,” the phrase "majority vote" is the one
that is used the most commonly when referring to voting outcomes in written works. This is
despite the fact that "majority vote" is the one that is used the most frequently. Majority vote
This is due to the fact that the method in question is more accurately described by the term
"plurality voting,” which is a more contemporary expression. These two interpretations of
"majority voting" are distinct from one another due to the fact that "majority voting" in its purest
form requires a majority of more than 50%, and because it functions at its most efficient level
when there are only two distinct categories from which voters can choose, the purest form of
"majority voting" requires a majority of more than 50%. It is possible that you will not require
fifty percent of the votes in order to come to a decision on a class when there are multiple
classes, such as when there are four different categories from which to choose. This is the case

when there are a number of classes. Because there are so many classes, this scenario is not
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impossible to realize. You are allowed to affix a label to a category so long as there is support for
doing so from more than twenty-five percent of the votes that have been cast. This is the
minimum threshold necessary. After that, you will have the opportunity to give the category a
name of your choosing when you proceed to the following step. We are indebted to the
University of Wisconsin—Madison for providing us with a link to the aforementioned document,
for which we are really thankful (PDF, 1.2 MB). This offers a highly convincing explanation of
the subject matter that was covered in the sentence that came before this one (link resides outside

of ibm.com).

Both regression and classification problems make use of a similar concept; however, in the case
of regression problems, the average of the k nearest neighbors is used to generate a prediction
regarding a classification. In classification problems, on the other hand, the average of the
nearest neighbors is used. In contrast to this, categorization difficulties employ an entirely new
notion to solve the problem at hand. When trying to solve problems involving classification, you
have to apply an altogether other concept. In contrast to this, classification problems always
make use of an entirely new and different concept throughout the entire process. In contrast to
this, the solution to problems with categorization involves thinking about the problem that has to
be handled in a manner that is wholly original to itself. In order to find a solution to the problem,
it is required to do this first. The statistical research approaches known as classification and
regression are fundamentally distinct from one another due to the fact that classification is
utilized for the analysis of discrete data while regression is utilized for the analysis of continuous
data. This is the fundamental distinction that can be drawn between the two different statistical
research methodologies. This is the most important distinction that can be made between the two
methods of statistical research. This is the single most important distinction that can be made
between the two approaches to statistical analysis. Both approaches are important in their own
right. However, in order to construct any kind of categorization at all, the distance needs to be
measured first in order to make certain that the results are accurate. Only then can any sort of
categorization even be constructed. Then and only then is it possible to establish any kind of
categorization at all. The computation of the Euclidean distance is by far the most common
approach, and in the paragraphs that are going to follow, you will have the opportunity to gain

more information regarding to this topic area.

30



It is essential to keep in mind that the KNN algorithm is a member of a family of models that are
collectively referred to as "lazy learning,” and it is equally essential to keep this fact in mind. It is
essential to keep in mind that the KNN algorithm is a member of a family of models that are
collectively referred to as "lazy learning." It is essential to keep in mind that the KNN algorithm
is a member of a family of models that are collectively referred to as "lazy learning,” and it is
essential to keep in mind that this family of models was developed by Google. It is very
important to keep in mind that the KNN algorithm is a member of the same model family as the
other models. Keeping this in mind will help ensure that you don't make any mistakes. The
phrase "store and forward" is where the term "store and forward" originates from. The process in
which an algorithm does not go through a training step but rather merely saves a training dataset
is called "store and forward," and the term comes from the phrase "store and forward." This is
how the term that is being questioned should be understood. It is essential that, as part of your
analysis, you take into account this facet of the situation that has arisen. Because of the
aforementioned fact, each and every piece of computation is finished at the exact same time that
a classification or a prediction is being made. This allows for a seamless transition between the
two processes. This guarantees that the reliability of the results is not jeopardized in any way.
This ensures that the results obtained from each of these processes will be comparable to those
obtained from the others. This is the conclusion that one must reach in order to make sense of the
information that was presented earlier in the conversation. This method is also known as a
memory-based learning approach and an instance-based learning method from time to time. Both
of these names are also used interchangeably. Both of these terms adequately describe the action
that is taking place. This is as a result of the fact that it keeps all of its training data in memory
and places a significant amount of reliance on memory to accomplish this. This method is also
known as "learning through instance,” which is another term for it. [Note: This is because it
places a significant emphasis on the utilization of one's memory, which is the reason for the
result that was mentioned above.] The reason for this is because the utilization of one's memory
is the reason for the result. The underlying reason of the issue is the manner in which an

individual's system makes use of their memories, which is why this occurs
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4. PROPOSED METHODOLOGY

We implemented a model to preprocess the input audio by filtering the unwanted and redundant
noise using the Fuzzy logic audio filtering and the output of that filtering is an input to the next
step in our model, then we implement a KNN based scheme to extract the features from the
filtered audio, then classify the sample features into 2 classes either male or female the model of

these processes is shown in the diagram below:

( Traming Audio Dataset > < Testing Audio Dataset >

Audio Pre-processing Audio Pre-processing
Feature Extraction Feature Extraction
.. I KNN
KNN Training Classification
( KNN Training Dataset :l Majority Voting Machanism

(@) y

< Result )

(b)

Figure 4.1: Feature extraction and classification process of the KNN where (a) shows the training process

and (b) showing the testing process.
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The below steps further explain the flow work of our model

A. first, we filter out any unwanted background noise that may affect our results by

confusing the algorithm into thinking that they are features of the input audio using the

Fuzzy logic filter as show in the figure below:
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Figure 4.2: Input audio before and after the noise filtering.
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subplot(4,1,1),
plot(sample_data); % Onginal Signal
title("Ongmal Signal’);

xlabel("Time (5)"); ylabel (Amplitude’);
subplot(4,1,2);

plot(filtered_sound2); %% Filtered output
title('Filtered Signal Double”);

xlabel('Time (5)9; yvlabel (Amplitude”);
subplot(4,1,3);

plot(fs2_d); % Filtered output
title('Filtered Signal Double?);

xlabel("Time (5)); ylabel (Amplitude’);
subplot(4,1,4),

plot(Clean), % Expected output
ute(Expected Signal’),

Xlabel("Time (5)'); ylabel CAmplitude’);

[Clean, F52] = audioread('expected mda’),
[sample_data, sample_rate] = audioread({ ' male female méa’),
signal = medfiltl(sample_data 90),  *s Applving median filter

%

Fs = sample_rate, % Samplmg Frequency (Hz)
Fn=Fy2, % Nyquist Frequency (Hz)

Wp = 1000/ Fn, %% Passband Frequency (Normalised)
Ws = 1010/Fn, % Stopband Frequency (Normalised)
Rp= 1, % Passband Ripple (dB)

Rs = 150; %% Stopband Ripple (dB)

(8, W3] = cheb2ord(Wp, W3, Rp,Rs), % Filter Otder

{z.pX] = cheby2(nRs,Ws, Tow), % Filter Denign

[soslp.glp] = zp2sos(zp k). s Convert To Second-Order-Section For Stabulsty
filtered_sound2 = filtfilt(soslp, glp, signal);

%

%
fs2_d = [filtered_sound2 filtered_sound?);
sound(fs2_d, sample_rate)

Figure 4.3: The code for the fuzzy audio filter
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Gender Recogniton from Audio Speech Signal Using Matlab

e 05 Input Sound 1 Output Sound
Browse Audio %
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0% 5 10 20 0 20
i | . Time (s) Delay (ms)
r arameters
B B B B Detected Gender Detected Frequency
Female 221
Figure 4.4: MATLAB Ul of the implementation of the proposed method.
1- second, we define the 26 features to our input audio and define the names of our
classes and train the algorithm to extract those features from our samples and increase
the number of training iteration to achieve more accurate feature predictions as shown
in the figures below:
hange: Bagged Trees 26/26 features i
4] Classification Learner - Specify misclassification costs = O X
Predicted Class
e 0 ) 10|
True Class | female 1 0
g oX x &
4
] e .k ° ® ° e x
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| Reset to de{qxil( | | Import from Workspace | : P % x.. o x .,.:ox..¥§. P H;..'
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Figure 4.5: Predicted features of a single audio sample with 26 features.
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The number of predicted features in the training step is shown in the figure below:
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Figure 4.6:Number of features extracted by the KNN.

feature table all = table();
labelMap = containers Map{'KeyType''int32'"ValueType','char');
keySet= {-1, 1};
valueSet = {'male','female'};
labelMap = containers Map({keySet,valueSet);
while hasdata(fds)
PCG = read(fds);
current _class = reference_table(stremp(reference table record name aodio filename),
Drecord_label;
N = length(zignal); % Bernhard: to keep track of #samples in files we process
number of windows = floot{ (IV - overlap length®fs) / (5 * step_length));
feature table = table();
for twin = 1:number of windows
current start sample = (twin - 1) * f& * step length + 1;

current_end sample = current_start_sample + window length * {5

Figure 4.7: The feature extracted are listed in a matrix named Feature Matrix.
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% Extract features from the power spectrum
[maxfreq, maxval, maxratio] = dominant frequency features(current signal, f5, 236, 0);
feature table.dominantFrequencyValue(iwin, 1) = maxfreq;
feature_ table dominantFrequencyMagnitude(iwin, 1) = maxval;
feature_table.dominantFrequencyRatio{iwin, 1) = maxr
o Extract features
¥ REMOVED because didn't contribute much to final model (only 1 of
o them was selected by NCA among the "important” features)

Figure 4.8: The percentages of the acquired features in the training process.

male

True class

female

Figure 4.9: The success rate in predicting the classes,

The successfully predicted class based on the audio sample features is shown in the figure below:
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Figure 4.10: Feature extracted by the KNN from the audio sample.

While some unknown features may appear, we define the 26 features to our input audio and
define the names of our classes and train the algorithm to extract those features from our samples
and increase the number of training iteration to achieve more accurate feature predictions as it is
best to classify as unknown rather than give wrong predictions we filter out any unwanted
background noise that may affect our results by confusing the algorithm into thinking that they

are features of the input audio using the Fuzzy logic filter as shown in the figure below:
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Figure 4.11: Unknown features extracted by the KNN.

The unknown features of the audio samples are not discarded rather classified as unknown to

show the user that some errors may occurred in the audio filtering process, the preprocessing of

the audio sample is a step that occurs before the feature extraction and classification method as

shown in the figure below [41]:

Signal

Min. Signal
Length

Wavelet
Scattering a

Framework

[§] Classifier

q\/
) X

—) X

Figure 4.12: Building the dataset of the features extracted by the KNN.

We compare our results with the built-in algorithm functions inside R2018a and see if our result

accuracy increased or decreased by the number of training iterations as shown in the figure

below:
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w History |
1 Tree Accuracy: 93.7% Predictions:
Last change: Fine Tree 271/271 features -3
2 Logistic Regression Accuracy: 94.1%
Last change: Logistic Regression 2711271 features -4
3 Linear Discriminant Accuracy: 93.8%
Last change: Linear Discriminant 271/271 features 5
&
Last change: Fine KNN 2711271 features -0
5 Ensemble Accuracy: 96.2% 2L
Last change: Bagged Trees 271/271 features B
N Br
@
w Current Model >

A 9
Model 4: Trained
Results -0
Accuracy 99.0%
Total misclassification cost 205 A1 b
Prediction speed ~230 obs/sec
Training time 367.13 sec 12+
Model Type 13 F
Preset: Fine KNN

Figure 4.13: The high accuracy of our algorithm.
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function label = clazssifyGenden{sound _signal, sampling_frequency) %e=codegen
Yezound signal and samphing frequency as input and produces a classification
%9of Mdale' or 'Femals'.

% Window length for feature extraction in seconds

win_len = 5;

% Overlap between adjacent windows in percentage

win_overlap = 0;

%% Extract features

features = extractFeaturesCodegen(sound signal, sampling frequency, win_len, win_overlap);
% Load saved model

Ndl = loadCompacthlodelGenderClassificationhodel');

%% Predict classification for all windows

predicted_labels = predict(hd] features);

% Predict male if even one window sounds hale

if find{stremp{predicted _labels, "Abnormal’))

label = "Tiale’;
else
labe]l = 'Female';
end
end

Figure 4.14: The classification process is explained in the code below.
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The sample audio prediction implementation is shown in the figures below:

Training Signal {first 10 seconds)

| I |
Moisy Signal
Speech Area | 4

08

06

0.4

0.2

Time (s)

Figure 4.15: Determining the noise and the feature set of the audio sample in the training stage.

-
Fle Eda View Imset Tools Desitop Window Help -

VDS RSSO L-A 008 D

Figure 4.16: Audio sample predication by KNN based on the training.
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Figure 4.17: Audio sample predication by KNN based on the validation.
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5. RESULTS AND DISCUSSION

This research work is aimed at enhancing the input audio quality while simultaneously
recognizing the speakers voice and whether the speaker is a male or a female based on the audio
features extracted by our KNN model, the model showed high accuracy better than previous

methods which are using different variations of ANNs such as SVM or DT as illustrated in the

table below:
Table 5.1: Comparing our method to previous methods
Name of the algorithm used Percentage of accuracy Number of features
DT 90.4% 271/271
SVM 86.8% 271/271
Logistic regression 85.9% 271/271
Our method (KNN) 94.6% 271/271

furthermore, the below figure Figure5.1 showing the increase of accuracy by the increase of the
iteration times needed in our training process while Figure5.2 showing the number of features

successfully extracted from our audio samples:
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Figure 5.2: The number of samples successfully extracted from our audio samples.
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6. CONCLUSION AND FUTURE WORK

Because doing so requires a greater level of processing power than the human system is able to
supply, any sort of computing technology will have a tough time establishing the gender of an
audio sample. This is because doing so requires a higher level of processing capacity. As a direct
result of this, it is strongly recommended that we put into practice strategies that are founded on
artificial intelligence (machine learning), so that we can achieve greater degrees of accuracy.
This is due to the fact that these tactics will make it possible for us to: To classify the recordings
into the appropriate categories, we first extract features from our audio samples via the K-nearest
neighbor method, and then we use those features to classify the recordings into the relevant
categories. In the next parts, a more in-depth description of this work is presented. Before we
start the process of categorization, we use a speech filtering approach to get rid of any

background noise that might be present.

Because of this, we are able to improve the precision of our classifications while simultaneously
increasing the speed with which we can carry them out. It has been demonstrated that the
outcomes of utilizing our method are superior to those of utilizing any other way that has been
utilized in this field, and the precision of the outcomes improved as the level of difficulty
increased. The results have also been shown to be superior to those of utilizing any other way
that has been utilized in this field. By employing a feature scheme that included 271 iterations
and 5000 iterations, our method was able to achieve an accuracy of 94.6% during the training
iteration. This was made possible by the use of a feature set. In the future, we propose making
use of deep learning techniques in order to preprocess the incoming audio and segment the audio

based on the regions of interest (ROI).

This will be done in order to improve accuracy (ROI). The presentation of a high-level
recognition system that is capable of being implemented in significant areas for the purpose of
establishing a learning system of proposal for standards, including a description of the available
working tools and the provision of example codes that can be used in subsequent endeavors. The
goal of this presentation is to establish a learning system of proposal for standards. This talk will

focus on establishing a learning system of proposal for standards so as to fulfill its intended goal.
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This discussion will center on the major purpose of developing a learning system that proposes

standards as its primary objective.

This project will study the potential of building a speaker recognition system based on a
selection of applications that make use of a text-independent modality. The apps will be chosen
based on their ability to recognize speakers. This location is currently acting as the research hub
for the project. It is impossible for the concepts of machine learning and speech modeling to
coexist in any way. The FUZZY LOGIC method has been shown to perform well in text-
independent speaker selection applications, which is why the outcomes of the study that has
been carried out suggest that it will be the option that is given the highest priority when making a
selection. In addition to that, we will present you with a comprehensive review of the resources

that are available to you at this time.

When it comes to the many different sources of information at our disposal, we now consider the
reader to be trustworthy and impartial. In order to put into practice the strategy that is outlined in
this article, we are interested in finding a free program that is compatible with MATLAB and
that explains machine learning in a way that can be comprehended by individuals who have not
received any type of formal education on the subject. Both of these requirements can be satisfied
by the application. Free programming tools that are geared toward speech recognition include
Alize and Spear, two examples of which are provided here. However, there is not a lot of
potential for customization when it comes to the animals that are used to build the models
because they do not provide much leeway. In addition, there are premium, pre-built solutions
that can be utilized, such as the Speaker Recognition API that is made available by Microsoft

Azure. These solutions can be purchased separately.

These remedies are available for purchase independently. The process of machine learning is
totally abstracted by this solution, which offers an API that can be used for both training and
testing purposes. This application programming interface is available for usage in either of these
scenarios. The Scikit-learn toolbox was chosen as the solution because of the fact that it is open-
source software and that the machine learning that it employs can be customized. This was a

major factor to take into mind throughout the entire selection process.
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It is intended that a description of the numerous tools that have been stated, in addition to a
comparative study of the system that has been constructed, will be provided. Figure 10 depicts
the system model that we intend to employ for the FUZZY LOGIC algorithm, and the method
itself will serve as a starting point for the building of the other machine learning animals. Figure
10 depicts the system model that we intend to work with in order to implement the FUZZY
LOGIC algorithm. We are able to utilize a modeling technique that classifies the target
according to the environment in which it is located since it is not necessary to construct a model
before making use of the fuzzy logic. This is possible because of the nature of the fuzzy logic
itself.

A backdrop model is used in order to determine whether or not an input signal was produced by
a faker. This can be accomplished by comparing the signal to the model. This model can either
be tailored specifically to the needs of each registered speaker, or it can be constructed in a more
generalized form. This degree of probability is typically expressed as a percentage of the total.
The Universal Background Model is the name of the tactic that is currently enjoying the greatest
level of popularity among adopters (UBM). A standardized version of the background is
modeled using this approach, and that model is used for all of the speakers. A randomized
selection of audios from the data that was utilized for training is applied in order to populate the
model. This selection comes from the data.

The steps involved in putting together this model are quite similar to the steps involved in
putting together the speaker model. It is going to be selected by random selection which gender
will belong to each half of the voices, thus half of the halves are going to have male voices and
the other half are going to have female voices. This will be done to ensure that the UBM system
cannot be used in any way, shape, or form in order to meet the requirements necessary to ensure
that it is inaccessible to people of both sexes. Both of these solutions, once the voice signal has
been initially taken in, process it at the front end of the device where it was initially taken in. It is
possible that speaker recognition would suffer as a consequence if unused speech signal

resources were removed (MFCC), as would be the case with end processing.

This investigation will be built on the foundation of the English Language Speech Database for
Speaker Recognition, which is a database that focuses primarily on speaker recognition. This
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database will serve as the foundation upon which this investigation will be constructed. Both
audio recordings of people reading aloud and a substantial amount of sample audio that can be
used for academic study are included in this collection. Within this collection, you will find
examples of both types of recordings.
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