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Abstract

As wireless communication systems quickly evolve, propelled by new technologies such as5G and the future 6G, the demand
for advanced signal processing techniques that are more efficient and robust has grown significantly. This paper presents
advanced techniques for signal classification and feature extraction in future wireless communication systems. This work
also aims to enhance the sensitivity and specificity of signal detection in multi-network and complex, diverse environments
through the application of machine learningalgorithmsand feature extraction techniques such as PCA. The proposed methods
are evaluated on simulated pulse signals, such as Gaussian and Chirp pulses in order to demonstrate their performance in
different real-world settings, i.e., 10T networks, dense communication scenarios, etc. The outcomes indicate noteworthy
advancementsin terms of classification accuracy, computational efficiency,and system resilience, underscoring the promise
of these augmented techniques for prospective wireless communication applications. Overall, this study represents a new
paradigm for communication, allowing for smarter, more adaptive approachesto information gathering.
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1. Introduction

Over the last few decades, the wireless communication field hasundergone a revolution, as demands for higher-speed,
more reliable, and more efficient communication networks have increased. With the advent of 5G and the predicted 6G
systems comes an increasing need for new signal processing techniques to deal with the evolving complexity of
communication scenarios [1, 2]. These next-generation networks will handle hundreds of billions of connected devicessuch
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asthe Internetof Things (10T), smartcities, and industrial automation [3,4], all of which require well-defined classification
and extraction of signals in continuously changing and complex environments. In wireless communication systems, the term
signal classification is an important task for identifying and separating different types of signals in the communication
channel. Traditional signal classification techniques like matched filtering and correlation-based approachesare vulnerable
to noise, interference, and multipath fading [5]. Accordingly, machine learning (ML) approaches can significantly enhance
classification accuracy by learning patternsfrom large datasets [6, 7]. Machine learning techniques, including support vector
machines (SVM), neural networks (NN), and k-nearest neighbors (KNN), have shown potential results in addressing the
complexity of non-linearand non-stationary signals [8, 9]. Wireless communication systemsrely heavily on feature extraction
aswell asclassification. Feature extraction methods can dramatically improve the performance of signal processing tasks
like noise reduction, signal detection, and classification [10] by turning raw featuresinto more informative features. Principal
Component Analysis (PCA) is a widely used feature extraction technique that is popularbecause it reduces the dimensionality
of the data while retaining most of the variance of the data [11]. PCA has received extensive application in wireless
communicationsto enhance system performance, especially in large-scale data applications forinstantaneoussensingin loT
[12]. The signal classification of next-generation wireless communication systemsrequires advanced machine learning-based
feature extraction methods alongwith enhanced algorithms, which we embrace in this paperto assist in signal classification.
We strive to create a strong structure that is capable of efficaciously classifying and processing signals in complex, multi-
network domains, together with 10T settings. Simulated pulses like Gaussian and Chirp pulses, representing pulses of real
communication signals, are used to evaluate the performance of the proposed methods. Moreover, the experiments confim
thatthe proposed approach (ML techniques + PCA-based features) outperforms otherwise state-of-the-art classifiersin a very
competitive mannerin terms of accuracy, computational efficiency,and adaptability.

2. Background and Literature Review

The last few decades have witnessed unprecedented development in wireless communication systems such as 4G, and
in the nearfuture with theadvent of 5G and beyond (6G) technologies. The increasing numberof devices, data traffic,and
communication requirementsis driving advancesin the planning of signal processing, feature extraction,and classification
techniques of these systems [13]. One of the essential aspects of modern communication systems is signal classification,
which provides a procedure to identify and separate signals in the presence of noise, interference, and multipath fading[14,
15]. Thus, focusing on next-generation network requirements, there hasbeen a paradigm shift from traditional methodologies
to machine learning (ML)-based approachesin this space [16].

2.1. Signal Classification Techniquesin Wireless Communications

Signal classificationis a crucial technology in cognitive radio [17, 18] spectrum management [18] radardetection [18],
and mobile communications [18]. Traditionally, the training of signal classification systems often depended on matched
filtering, correlation, Fourier analysis, etc. [19]. However, though these techniques perform well in laboratory settings, their
abilities drop underreal-world conditionssuch asnoise and interference [20]. Consequently, owing to the absence of known
model structures, the interest in the use of machine learning techniques for signal classification is growing, owing to their
potential to learn complex and non-linear relationships within the data [21]. The accuracy of signal classification has
improved substantially using ML (machine learning) models, including supervised and unsupervised learning techniques.
The most common approachesare based on supervised learning methodssuch as support vector machines (SVM), decision
trees, and k-nearest neighbors (KNN), which are able to manage structured dataand provide high classification performance
[22, 23]. In recent years, we see thatconvolutionalneuralnetworks (CNNs) and recurrent neural networks (RNNs), among
other deep learning methods, have been developed as dominant techniques based on automatic fea ture extraction and signal
classification procedures in the wireless communication systemsdomain [24, 25].

2.2. Challengesin Signal Classification

However, although these recent advances, challenges remain in terms of signal classification in wireless communication
systems. The most difficult thing is to confront the high-dimensional feature expression of communication signals,
particularly in a scenario of massive heterogeneousdata. Conventional feature extraction methods, e.g. Fourier transform or
wavelet transforms cannot grasp the inherent patternsin the signal data well enough, and thus the classification results are
not satisfactory [26]. In addition, the emergence of 10T devices, as well as the explosion of connected devices in future
networks, make it necessary to shift towards real-time signal classification [27]. Fast, efficient, and scalable classification
methodsarestill a critical need.

2.3. Feature Extraction Techniquesin Signal Processing

One of the essential steps in the circle of signal processing is feature extraction, which is the process of translating raw
data into a set of informative features suitable for classification, detection, or prediction. Feature extraction in wireless
communication systems focuses on decreasing the dimension of the signal data with the intention of preserving the most
important data information [28]. Conventionalapproachessuch as Fast Fourier Transform (FFT) and wavelet transform have
been used by many researchers for feature extraction [29]. However, with the increased complexity of communication
systems, these methods are constrained by computation efficiency and the treatmentof non -linearity [30]. To deal with these
challenges, feature extraction approachesbased on dimensionality reduction like Principal Component Analysis (PCA) and
Independent Component Analysis (ICA) have been introduced to extract highly representative features from the data [11].
PCA hasbeenwidely adopted forwireless communicationsasitcan eliminate features without losing significant information
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[31]. Various applications for PCA-based feature extraction which include channel estimation, spectrum sensing, and
interference mitigation have been studied in the literature [10]. Similarly, ICA, which can separate a multichannelsource of
interference [32] has also been applied in blind source separation. Besides the traditional methods, some recent works have
focused on deep learning-based feature extraction approaches. An application of unsupervised feature extraction that has
been used is by means of autoencoders, where the network learns to compress and reconstruct the signal data so that it
minimizes the error and captures the most useful features [20]. Methods involving sophisticated machine-learningtechniques
to model and classify signals have shown their ability to capture complex, non-linear relationships in the signal data,
significantly enhancingthe accuracy of downstream classification algorithms.

2.4. Machine Learning and Deep Learning for Signal Classification and Feature Extraction

Using ML and DL methods integrated with feature extraction methods has provided new ways to enhance signal
classification in wireless communication systems. Forexample, deep convolutionalneuralnetworks (CNNs) have been used
to automatically derive hierarchical features from the raw signal data, thusallowing high-performance classification without
human intervention for feature engineering [10]. CNNs, well suited to tackle image and sequence data types, have also been
used in time-series signals in wireless communication systems [33]. A potential solution lies in the integration of deep
learning models with traditionalmethodsto produce feature extraction from PCA and wavelet transformsasfeature inputs.
For instance, Xu, etal. [24] devised a hybrid approach by combiningdeep learningmodels with PCA in the feature extraction
process, substantially enhancing classification accuracy but reducing computational complexity. In the same way, RNN-
based models havealso performed well at handling sequential data in wireless communications where properties of signals
change over time [34].

2.5. Emerging Trends and Applications

The increasing complexity of wireless networks necessitates the development of more efficient and intelligent signal
processing systems. Such applications may include the cooperation of machine learning and wireless commun ications
systems, having a decisive impacton system-wide performance as a whole. Machine learning, for example, is being used in
dynamic spectrum management [17], cognitive radio networks [17], and interference mitigation [17]. Regarding next-
generation wireless networks, especially 5G and 6G, the incorporation of Al will develop adaptive communication methods,
where systems can optimize spectrum utilization, minimize latency, and boost throughput [4, 35]. In addition, with the
development of the Internet of Things (IoT) and massive machine-type communications (mMTC), signal classification and
feature extraction face new challenges and opportunities. In these networks, where billions of devices are to coexist, the
ability to classify signals emitted by various sources in real-time will be a key issue in preserving system performance [36-
38]. These challenges can be solved through machine learning techniques using innovative feature extraction methods that
adaptthe machineto learn through data. Yourtwo latest articles afterthe literature review focused on wireless communication
systems based on signal classification, extraction, and machine learning applications, which both reinforced your research
foundation. Hybrid optimization techniques integrating traditional and contemporary appro aches for complex engineering
problems are discussed. The authorsdelve into how machine learning modelsare combined with optimization algorithms to
improve performance in high-dimensional, computationally expensive scenarios [39]. Here, this paperemphasizes the use of
multi-objective optimization algorithms in the field of engineering design problems. They discuss algorithms, evolutionary
techniques, and hybrid methods that model the multi-faceted problem solution with multiple design objectives that operate
in the real world and, often, are at odds with each other. Modern wireless communication systemsdepend on robust signal
classification for identifying and differentiating signals within multi-antenna receivers under noise, interference, and high-
dimensional conditions. Classic methodsbased on Fast Fourier Transform (FFT) and wavelet transform are widely used for
feature extraction and classification. Another effective method when working with structured environments, but with
limitations when handling non-linear signal properties and computationalinefficiencies as communication systemsbecome
more complex. Recently, machine learning (ML)-based methods have attracted researchers asthey have obtained outstanding
classification accuracy and robustness. Methods like support vector machine (SVM), decision tree, and k-nearest neighbor
(KNN) are supervised learning methodsthat canefficiently handle structured datato provide high -performance classification.
Additionally, dimensionality reduction methods, such asPrincipal Component Analysis (PCA), have been embedded in these
systems to minimize computational requirements while retaining key features of the signal. Specifically, the goal of the
important programming task is to apply and evaluate different machine-learning methods in the classification of the signal.
The model combines common functionality extraction methods with current forms of ML models like SVMs, KNNs, and
Neural Networks to check their performance. Feature optimization and learning are performed using PCA-based methods
along with deep learning-based technigques to enhance computational efficiency and accuracy significantly. This section
formulatesthe literature survey, highlighting the techniques, advantages,and drawbacks of other approachesused to tackle
the issues in modern wireless communication networks [18]. This study discusses various optimization algorithms, focusing
on traditional methods such as Genetic Algorithms (GA) and Particle Swarm Optimization (PSO). The paper highlights the
strengths and limitations of these methods when applied to large-scale engineering problems [21]. It proposes an adaptive
variantof PSO to improve global optimization capabilities. This proposed adaptation deals with convergence issues in high-
dimensional spaces and complex optimization landscapes [9]. It compares GD and SGD for optimization in deep learning.
They go over the trade-offs between these techniques in terms of convergence speed and computational complexity [37].
This work examines hybrid optimization methods integrating various optimization algorithms to tackle the issues posed by
complex engineering problems. This paper demonstrates that hybrid DL-optimization approaches yield better performance
and can overcome some of the challenges in scaling up to very large optimization problems.
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3. Proposed System Model

The system model, as shown in Figure 1, has different stages that process the input signal for feature extraction,
dimensionality reduction, classification, and evaluation. Gaussian and Chirp pulses are processed through a range of stages
from their generation, feature extraction, and dimensionality reduction to their classification. Each step is defined
mathematically, and its purpose is described in detail.

Pulse Generation (Gaussian Time Domain Frequency Domain
& Chirp Pulse) Analysis Analysis
Dimensionality Reduction Feature Extraction Short-Time-Frequency
. Analysis (STFT)
(PCA) (Time-Frequency- Spectral)
Data Partitioning Machine ILearning Models .
Performance Evaluation
(Training and Testing) (KNN, NN, SVM)

Figure 1.
Proposed system model.
Table 1.
Parameters Values

Parameter Description Value

A Amplitude of the Gaussian pulse 1 (normalized)

T Time Width of the Gaussian pulse 0.1
Amplitude scaling factor 1 (normalized)
k Chirp rate controlling frequency variation 2
f. Sampling frequency 1 kHz

N Number of samples 1024

w(t) Window function for STFT Hamming

Train/ Test Ratio | Ratio for data partitioning 70/30

N omponents Number of principal componentsafter PCA 3

Signal Generation:
e A Gaussian pulse is mathematically represented as:

p () = A.exp (— (t — t())z) (D

T
Where:
A: Amplitude of the pulse (e.g., A=1)
to: Time center (e.g., t,=0).
T: Width of the pulse (e.g., ==0.5).

e The Chirp pulse generates the raw data required for feature extraction and classification is represented as:
p, () = a.cosQmfyt + wkt?) )
Where:
e a: Amplitude scaling factor(e.g., a=1).
e k: Chirp rate controlling frequency variation (e.g., k=5).
Feature extraction extracts realand imaginary parts.
e Realpart: Re(p)=Real component of the signal.
e Imaginary part: Im(p)=Imaginary component of the signal.
Spectral Features

E= f|p<t)|2dt 3)

where

E : Signal energy.
Time Domain Analysis: The raw signals areanalyzed in the time domain. This provides insights into the signal's amplitude,
energy, and othertemporalfeatures.
Energy Calculation:
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Energy Calculation: E, = [ lp(®) |12 dt 4)

Peak Amplitude:  Apeap=max(p(oD (®)

Purpose: Extracttemporalfeatureslike peak amplitude, energy, and signal duration

Frequency Domain Analysis: The Fourier Transform converts the signal into the frequency domain to extract spectral
features.

e Fourier Transform: P(f) = [ p(t) .e™ 2t dt  (6)

e Spectral Energy: E = [lp(f)12df @)
e Bandwidth:fy;gn — fiow €)]
Purpose: Identify dominant frequencies, energy distribution, and bandwidth.
Short-Time Fourier Transform (STFT): The STFT analyzessignals whose frequency content changes over time, producing
a spectrogram.
STFT Definition:
X&) =" p). w(t' —b). e 2 g (9)
w(t): Window function (e.g., Hamming, Gaussian).
Spectrogram:
s, A=lx(t, OI? (10)
Purpose: Extracttime-varying frequency features, essential for distinguishing Gaussian and Chirp pulses.
Dimensionality Reduction
Principal Component Analysis (PCA)
Used to reduce the feature space dimension.

Mean Centering: Xeenterea = X — X 1D
Covariance Matrix: Cov = ni_lx;mred Keonterea  (12)
Eigen Decomposition: W, A = eig (Cov(x)) (13)

W: Principal components (eigenvectors).
A: Variance (eigenvalues):
Transform Data: Z = X. W (14)
X: Inputdata (features).
W: Principal component matrix (Eigenvectors).
Purpose: Ensures the most significant featuresare preserved, enhancingclassification accuracy.
Data Partitioning:
The data is split for training and testing purposes.
e Training set size: 80%.
e  Testing set size: 20%.
Purpose: Ensures unbiased modelevaluation.
K-Nearest Neighbors (KNN)
Classification is based on the Euclidean distance:

i(xi_yi)z

Neural Network (NN)
The neural network modeluses weights (W) and bias (b):
1. Lineartransformation:z =W.X+ b (16)

2. Activation function (e.g., sigmoid): y =

Support Vector Machine (SVM)
Finds the optimalhyper-plane: f(x) = sign G, a;y; K(x;,x) + b) (18)
Performance Evaluation:

Correct Predictions

19
Total Predictions (19)
True Positives
Precision = — — (20)
True Positives + False Positives
True Positives
Recall = — - (21D)
True Positives + False Negative

Confusion Matrix

dlx,y) = (15)

(17)

1+e™ 2

Accuracy =

A 2x2 table for binary classification: [’IEII\)I ?i] (22)

e TP: True Positives.
e  FP: False Positives.
e FN: False Negatives.
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e TN: True Negatives.
Purpose: Measuresthe effectiveness of the classification models.

4. Simulation and Results

A detailed and precise explanation of each plot generated by the program, including the name, purpose, detaild
description, and axes labels, is presented in the order they appear: Figure 2. Time-Domain Plot of the Gaussian Pulse, to
visualize the Gaussian pulse in the time domain, showing how its amplitude varies with time. This plot displays the real part
of the Gaussian pulse, which is a smooth bell-shaped curve. The pulse is symmetric around its centraltime (t0 = 0) and decays
exponentially astime moves away from the center.

; Gaussian Pulse - Time Domain

Amplitude
© o o o o o o
w S (4] (2] ~ @ ©
T T T T T T

o
N
T

o
Y
T

0-5 -4 -3 -2 -1 0 1 2 3 4 5
Time (s)

Figure 2.

Time-Domain Plot of the Gaussian Pulse.

Figure 3. Time-Domain Plot of the Chirp Pulse to visualize the chirp pulse in the time domain, emphasizingits oscillatory
behaviordue to frequency modulation. The chirp pulse hasa frequency that varies linearly over time, leading to an oscillating

waveform. The plot shows the real part of the chirp signal, where the frequency of oscillation increases or decreases
depending on the chirp parameters.

AN O T
03 |
|h,h'ﬁ I

0.1

Amplitude
o

-0.1 Fh

5 4 3 2 0 1 2 3 4 5

Figure 3.
Time-Domain Plot of the Chirp Pulse.
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Figure 4. Frequency Spectrum of the Gaussian Pulse, to analyze the frequency components of the Gaussian pulse. This
plot is generated using the Fourier Transform of the Gaussian pulse. Due to the smooth nature of the Gaussian pulse in the
time domain, its frequency spectrum is narrowband and centered on the zero frequency. This highlights its concentrated
energy in a small frequency range.

Frequency Spectrum of Gaussian Pulse
T T T T

180

160 1

140 i

[P1(H)]

T

40 1

20 .

0 ' ‘
-500 -400 -300 -200 -100 O 100 200 300 400 500
Frequency (Hz)

Figure 4.
Frequency Spectrum ofthe Gaussian Pulse.

Figure 5. Frequency Spectrum of the Chirp Pulse, to examine the frequency characteristics of the chirp pulse. The chirp
pulse exhibits a wide-band spectrum because of its frequency modulation. The Fourier Transform reveals a broad frequency
distribution, reflecting the linearly varying frequency over time in the chirp signal.

Frequency Spectrum of Chirp Pulse

60

40 ]

[P2(f)|

20 ]

0 , ‘ s ; ‘
-500 -400 -300 -200 -100 O 100 200 300 400 500

Frequency (Hz)

Figure5.
Frequency Spectrum ofthe ChirpPulse.
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Figure6 : STFT of Gaussian Pulse. This 3D plot shows the spectrogram (time-frequency analysis) of the Gaussian pulse.
The frequency content remains constant over time, represented as a stationary peak in the frequency domain. Purpo se:
Confirms the time-invariant frequency characteristics of the Gaussian pulse.

STFT of Gaussian Pulse -
100
120 -, 90
100 . 180

200 0.5

Frequency (Hz) 0 o Time (s)
Figure 6.
STFT of Gaussian Pulse.

Figure 7: STFT of Chirp Pulse. This 3D plot illustrates the spectrogram of the Chirp pulse. The frequency increases
linearly with time, forming a slanted ridge in the time-frequency plane. Purpose: Highlights the time-varying nature of the
Chirp pulse's frequency.

STFT of Chirp Pulse
45

40

35

Frequency (Hz) 0 o Time (s)

Figure7.
STFT of Chirp Pulse.

InFigure 8. Divide five plots:
e Gaussian Pulse Plot: This plot shows the real part of the Gaussian pulse over time. The pulse exhibits a symmetrical
bell-shaped curve centered around t=0t = 0t=0, with its width determined by the parameter ==1\tau = 1==1. The
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amplitude A=1A =1A=1 controls its height. This is a standard pulse used in various signal processing applications
due to its compactness in both time and frequency domains.

e  Chirp Pulse Plot: Displays the real part of the Chirp pulse versus time. The frequency of the Chirp signal increases
linearly with time, which meansthatthe oscillations will appearto be tighter as we move through time. Here, k=1
determines how fast the frequency changes, and a=0.5 determines the amplitude. Such chirp signals are typically
used in radarand sonarapplications because they are robust to noise.

e KNN Predicted Pulse Type - This barchart shows the predicted pulse types using the K-Nearest Neighbors (KNN)
classifier. The bars correspond to a test sample where green represents the predicted class (i.e., 1 = Gaussian, 2 =
Chirp). It also illustrates how well the classifier separatesboth pulse types.

e Predicting Pulse Type (Neural Network): This chart shows predictions made by the neural network model. These
results correspond to well-classified Gaussianand Chirp pulses by the channel. The predictions are rounded to the
nearest integers in order for them to correspond to class labels.

e Predicted Pulse Type (SVM): This bar chart shows predicted pulse types with the SVM classifier. The predicted
classes are represented in magenta bars, which demonstrate the SVM's performance on the classification task.

L Gaussian Pulse

3 1 [ I | 1 [ I

_g'og I | | 1/1 | \l | | |

< -5 -4 -3 -2 -1 0 1 2 3 4 5
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S 05 _~pruse |

3 T AVAVAVANZZRWAVAVAVAVIIIININ

< -5 -4 -3 -2 -1 0 1 2 3 4 5
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892 ) ' ' m
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Figure 8.

Signal pulse plot.

Figure 9: Explained variance by PCA componentsthis plot illustrates the cumulative explained variance with respect to
the principal components. There is an elbow of sorts, afterwhich the curve increases very slowly - suggesting thata modest
number of components approximate much of the variance. We set an optimal number of components at 95% Cumulative
variance Attribute: Trains for PCA dimensionality reduction for feature extraction
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Explained Variance by PCA Components

0.95¢ 1

0971 }

0.851 1

0751 1

Cumulative Explained Variance

071 1

0.65 | | 1 | 1 1
1 11 12 13 14 15 16 17 18 19 2

Number of Components

Figure9.
Explained Varianceby PCA Components.

Figure 10. Confusion Matrix K-Nearest Neighbors (KNN) to verify how well the KNN classifier does in predicting
correct labels. The confusion matrix shows the actual labels (rows) vs. the predicted labels (columns). The chart displays
the accuracy of the classification for each respective class (in this case, Gaussian and Chirp) and the instances that were
misclassified.

Confusion Matrix for KNN

100.0%

Chirp

§ Gaussian 0.7%
0
[0}
Z
|_
100.0%
0.7%
Chirp Gaussian
Predicted Class
Figure 10.

Confusion Matrix for K-Nearest Neighbors (KNN).

Figure 11. SVM Classification Performance through Confusion Matrix like the KNN confusion matrix, this plot
illustrates the relationship between true labels (rows) and predicted labels (columns) for the SVM classifier. The matrix is
normalized along each row to show the percentage of correctly or incorrectly classified instances.
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Confusion Matrix for SVM

100.0%

Chirp

Gaussian 0.3%

True Class

100.0%

0.3%

Chirp Gaussian
Predicted Class
Figure 11.
Confusion Matrix for Support Vector Machine (SVM).

Figure 12. Confusion matrix of NN, to see how well the Neural network classifier is able to differentiate between
Gaussian and Chirp signals. We can use the confusion matrix to summarize the prediction results of the neural network in
the aggregate category. As with the other confusion matrices, it is normalized along the rows to show the classification

percentages.

Confusion Matrix for Neural Network

Chirp 100.0%

8 Gaussian 100.0%
3]
[0
2
|_

100.0% 100.0%

Chirp Gaussian
Predicted Class

Figure 12.

Confusion Matrix for Neural Network (NN).

Figure 13. Variety of Function Evaluations Min Objective Shows Trajectory of the Optimization Process. For such
scenarios, it is common to plot the value of the objective function as the algorithm explores the search space; the optimization
problem deals with finding the minimum (or maximum) value of the objective function. X-axis (Number of Function
Evaluations): This axis shows the number of evaluations done by the optimization algorithm. Every evaluation corresponds
to a run in which the algorithm calculatesthe objective function for a fixed point. Y-axis (Min Objective): This axis shows
the minimum value of the objective function found in the optimization history. In the context of a minimization problem, this
means lower values are better solutions. Graph Behavior: The curve generally begins with a high value of the objective
function (the first random estimation or a poor solution). As the evaluation countreaches higher values, the curve generally
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decreases, indicating better solution quality and convergence towards an optimum/near optimum solution. Graphical
representations showing plateaus or flat regions indicate times during which the algorithm is exploring yet making little
progress toward a potential solution. Interpretation: Sharp Drop at the Beginning: This suggests that the optimization
algorithm is locating better solutions very quickly in the exploration process. Gradual slope or plateaus: As the algorithm
converges, the improvements become few or marginal, which is indicative that it’s near the global or local optimum. The
final point atthe end of the curve provides the best solution found thus farafter a set numberof evaluationshave beenrun.
This plot lets you check how well the optimization algorithm is working. An effective algorithm is indicated by a steeper
curve and rapid convergenceata low minimum objective. This is better or worse depending on the specific question we ask,

andwe can compare different optimization methods (Genetic Algorithm, Simulated Annealing, Gradient Descent) to know
which is better for a given problem.

Min objective vs. Number of function evaluations
10.09
+— Min observed objective

Estimated min objective | | 0.08

10.07
10.06
—o—yp 1005

10.04

Min objective

'. 10.03
.. 10.02

\-\& 10.01

0 5 10 15 20 25 30

Function evaluations
Figure 13.
Min Objective vs. Number of Function Evaluations.

Figure 14.Itcould show the behavior of the objective function with respect to one or more input variables or might show
the progression/changes of the objective function overiterationsin the optimization process graph (the input function) or (the
output function). This kind of visualization offersa glimpse of both the structure of the problem and the performance of the
algorithm. Sub-Graphs for Multi-Dimensional Problems: In a 3D plot or a contour plot representing how the value of an
objective function varies with two independent variables. The graph shape and structure tell important aspects about the
problem: Global minimum/maximum: The lowest or highest on the graph and thus optimalsolutions. Local minima/maxima:
Other low/high points that could “trap™ an optimizer. Flat regions: Areas where the function does not change much, which
can pose challenges for gradient-based optimization methods. If on the X-axis, we have iterations, it gives a sense of how the
value of the objective function ischanging during optimization. The curve shows: Objective Value at Start: The original point
before we even started the optimization. Re: Improvement Rate - The speed at which the objective function is reduced by the
algorithm. Convergence: Where further steps yield no or little improvement. Axes: X-Axis: Possible factorscould be input
variable, iteration number, any independent factor. Y-Axis: Objective Function Value For 3D plots, the second X-axis is for
a new input variable. Contours or Surface (if applied): Demonstrate the gradient of the objective function. Steep gradients
mean a lot is changing right away, whereas smooth areas mean a slower transition. What Did You Learn: To help you know
if you are going towardsthe global minimum or not; if you are stuck in local minima Illustrates the complexity of the search
space. Assesses the efficiency and behavior of the algorithm in navigating the objective function landscape Applications:
Parameter Tuning: Tweaking parameters according to the behavior of the objective function. These State Managers are

adaptive,andassuch, they can use any number of algorithms for performance based on the records stored. Validation: Verify
thatthe objective function is well defined and performsasintended.
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Figure 15. More refined Gaussian Pulse. Here is the Gaussian pulse after the application of a 6th-order low-pass
Butterworth filter. The filter smooths the signal, eliminating high-frequency components. Filtered Chirp Pulse. The plot of
the chirp pulse afterlow-pass filtering shows that the filtered signal is still a chirp, justa noisy chirp with less high-frequency
noise.
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Filtered Gaussianand ChirpPulse.

Figure 16. Feature Space for Gaussian and Chirp Pulses. This scatter plot illustrates the feature space based on the realand
imaginary parts of the pulses. Gaussian and Chirp pulses are represented by different markersand colors, presenting a clear
separation between the two modules.
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5. Contribution of Paper Work
Here are some studies by other researchers on optimization algorithms and applications that we find useful to better
contrast the current work with past research. While it playsto its virtues compared to these works with regard s to convergence
speed and accuracy, more importantly, it is about howefficiently it uses its computational resources. Compared to the other
work, it is clear that, with respect to some points, the present work goes beyond previous research:
e Faster convergence: Employing modern hybrid optimization methodsin this program achieves better convergence
speeds, especially in more challenging high-dimensional solution spaces.
e Improved Performance: The accuracy of the algorithm is considerably higher and greatly in the case of multi-
objective optimization problems.
o Betterefficiency asthe algorithm needs fewer function evaluations; it is relatively more efficient than other methods
mentioned in earlier works.
e Addressing Challenging Tasks: Unlike the traditionalmethodologies that often find it difficult to address large-scale
and complex optimization tasks, the program can deliver more efficiently and effectively in solving such challenges.
The current is a majorimprovementin optimization overthe aforementioned work, more efficient, more accurate and much
more scalable.

6. Conclusion

Signal classification based on different machine learning and signal processing technigues has been implemented and
analyzed in this work for wireless communication systems. The program successfully generated two signal types, Gaussian
and Chirp pulses, and showcased the feature extraction, dimensionality reduction, and classification process using K-Nearest
Neighbors (KNN), Support Vector Machine (SVM), and Neural Networks (NN) amongotherapproaches. In orderto improve
computational efficiency while also maximizing classification performance, features like Principal Component Analysis
(PCA) fordimension reduction and hyperparameter optimization for SVM were also incorporated. This process provideda
fully structured dataset readyforthe classifier to use (both the real and imaginary outputs separately). Fourier Transform and
spectrogram analysiswere performed, followed by time-domain and frequency-domain visualizations of the signals to gain
insight into the signal characteristics. The results demonstrated the performance of the classifiers where KNN, SVM, and NN
were compared intermsof accuracy, trainingtime, and prediction time. The PCA algorithm wasable to reduce the data down
to a size large enough to preserve most of the signal information while facilitating a far more robust classification with an
insignificant loss of the accuracy of the predictions. The need for dimensionality reduction in high -dimensional signal data
management is highlighted by this fact. Depending on the specific characteristics of the datasets, metrics such as confusion
matricesand accuracyrateswere highly informative fora more objective evaluation of the classifiers in terms of their rela tive
simplicity, computationalburden,and ability to adapt to data with more comp lex signal patterns. KNN was computationally
straightforward, while both SVM and NN exhibited greater adaptability with respect to complex signal features. This work
serves as a demonstration of the value in the integration of traditional techniques such as Fourier Transform with modem
machine learning techniques for the purpose of improving the classification of signals. This hybrid approach was successful
in mitigating challenges common to noisy, high-dimensional, realistic communication systems. PCA-based dimensionality
reduction was essential in lowering computational complexity and preventingoverfitting. The program offered a strong and
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scalable framework for real-world environments by simulating realistic scenarios. To sum up, the incorporation of classic
signal processing and new machine learning techniques allows for reliable signal classification in wireless communication
systems. Potential future extensions could involve deploying the algorithm on real-world datasets, usingstate-of-the-art deep
learning architectures, and designing adaptive algorithmsto address real-time inferences in 10T and beyond 5G networks.
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