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ABSTRACT: The process of smart antenna synthesis involves the automatic selection of the optimal antenna type and geometry in order to
enhance antenna performance. A model for intelligent antenna selection employs an optimizable K-nearest neighbors (KNN) classifier to
determine the optimal antenna choice. To optimize the utilization of different learner types, the geometric parameters of the antenna are
presented as the final step prior to the construction of the Adaptive Neuro-Fuzzy Inference System (ANFIS) model, which involves the
integration of five distinct primary learners. The classification of three distinct types of antennas, namely helical antenna, pyramidal horn
antenna, and rectangular patch antenna, is performed using an optimizable K-nearest neighbors (KNN) classifier. Additionally, an ANFIS
approach is employed to determine the optimal size parameters for each antenna. The accuracy is used to evaluate the performance of
an optimizable KNN classifier, whereas Mean Squared Error and Mean Absolute Percentage Error are used to evaluate the performance
of an ANFIS. The proposed technique demonstrates high performance in parameter prediction and antenna categorization, achieving a
Mean Absolute Percentage Error of less than 3% and an accuracy exceeding 99.16%. The recommended methodology holds significant
potential for widespread application in the development of practical smart antennas.

1. INTRODUCTION

NFIS is a sophisticated combination system that addresses
Acomplicated problems by combining the principles of
fuzzy logic and neural networks. The utilization of ANFIS
extends beyond its common applications in regression and op-
timization tasks, as it can also be employed to address antenna
classification problems. The process of antenna classification
involves categorizing different types of antennas based on
specific attributes, such as their radiation pattern, frequency
range, polarization, and structural characteristics. ANFIS can
be employed to develop a classification model that effectively
and autonomously categorizes antenna types by acquiring
knowledge of the associations between input variables and
antenna types. Antennas play a crucial role in the functioning
of consumer electronics, necessitating the development of
more precise and efficient designs. Pujara et al. proposed an
optimization algorithm for Horn antenna using ANFIS, aiming
to enhance the accuracy of parameter estimation. Several
ANFIS models were developed in order to enhance computa-
tional speed while maintaining accuracy [1,2]. Kapetanakis
et al. proposed an algorithm for optimizing the parameters
of a circular loop antenna using artificial intelligence and
fuzzy logic techniques, with the aim of achieving efficient
parameter estimation. The researchers devised neural network
learning techniques that exhibited exceptional accuracy, rapid
convergence, and efficient computational performance [3].
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This paper presents a novel approach for evaluating the ef-
fectiveness of a resonant frequency through the utilization of
an Adaptive Neuro-Fuzzy Inference System (ANFIS) in the de-
sign of a single-layer patch antenna. The ANFIS method that
has been proposed exhibits a low Mean Absolute Percentage
Error (MAPE), a high level of accuracy, and demonstrates a
reduced computational time [4, 5]. Kayabasi proposed the uti-
lization of neuro fuzzy-based triangular patch antennas for the
purpose of determining the operational frequency of the afore-
mentioned antenna [6]. Yahya et al. suggested a C-shaped mi-
crostrip patch antenna by contrasting several regression meth-
ods. A machine learning model named PQGR was developed,
which demonstrates the ability to reduce error rates in addition
to minimizing metrics such as maximum entropy (ME), mean
square error (MSE), root-mean-square error (RMSE), and av-
erage percentage error (APE) [7,8]. This study employs a K-
nearest neighbors (KNN) based estimator to ascertain the oper-
ating frequencies of slot antennas. The KNN method, as pro-
posed, demonstrates a notable level of accuracy while requiring
a reduced amount of computational time [9]. The present study
introduces a novel computational analytical approach that uti-
lizes a surrogate model to estimate antenna parameters, specifi-
cally the resonant frequency and bandwidth. The authors devel-
oped the Particle Swarm Optimization (PSO) and Differential
Evolution (DE) algorithms, which have the capability to en-
hance computational efficiency while maintaining a high level
of accuracy [10, 11]. Hu et al. proposed the use of VHF and
UHF helical antennas for satellite communications. Their re-
search demonstrated that the suggested helical antenna design
achieved significant beam coverage [12]. Maged et al. designed
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helical antennas for satellite applications with improved gain.
They created a truncated horn using an optimization technique
involving genetic algorithms [13]. An enhanced version of he-
licone antennas was suggested by Sadeghikia et al. Taking size
and mass constraints into account necessitates optimization in
order to attain maximum gain [14]. Falkner et al. proposed a
methodology for parameter estimation that enhances effective-
ness, utilizing an automated machine learning technique, within
the context of optimizing a travelling wave antenna. An auto-
mated machine learning method was developed for the purpose
of calculating return loss and gain [15, 16]. Moshtaghzadeh et
al. proposed a methodology rooted in machine learning to opti-
mize the parameter estimation of a foldable origami helical an-
tenna, aiming to enhance its effectiveness. The authors devel-
oped Finite Element Method (FEM) and Artificial Neural Net-
work (ANN) techniques, which exhibit high precision and com-
putational efficiency as evidenced by previous studies [17, 18].
Polo-Lopez et al. proposed an optimization algorithm for horn
antennas based on genetic algorithms. Fruit fly optimization al-
gorithm (FOA) was developed and introduced as an optimiza-
tion tool specifically designed for challenging antenna designs,
demonstrating a high degree of accuracy [19]. The integration
of the PSO algorithm with the Gaussian process is employed
in this study to enhance the efficiency of antenna design opti-
mization [20].

As a result, calculation times may be shortened without
compromising accuracy and efficiency. This paper introduces
the Thompson sampling efficient multiobjective optimization
(TSEMO) approach, which aims to optimize antennas effec-
tively. The proposed method utilizes a deep neural network
(DNN) framework. The proposed optimization method is ef-
fectively utilized by designers as a means of resolving com-
plexity and high structure dimensions in the field of antenna
design [21-23]. The method proposed in this study demon-
strates significantly improved computational efficiency com-
pared to traditional machine learning techniques, such as ANN
and Bayesian optimization. By reducing the size of the data sets
required for analysis, the method achieves a speed enhancement
ranging from 5 to 30 times faster, as demonstrated by previ-
ous research [24-26]. This study introduces various methods
for optimizing antennas using genetic algorithms. The installa-
tion process of this system is straightforward due to its compact
size [26-30]. This research presents a slot microstrip antenna
based on ANN for the evaluation of parameters such as 511,
gain, voltage standing wave ratio (VSWR), and efficiency [31].
Based on the comprehensive literature review outlined previ-
ously, it was observed that a number of studies have proposed
machine learning models that effectively classify antenna types.
However, there is a limited amount of research that has focused
on estimating the parameters of an antenna following its clas-
sification. Furthermore, compromises were made with respect
to the speed of computation, although there is still room for im-
provement in terms of the accuracy of parameter estimates. The
proposed technique, referred to as Optimizable KNN+ANFIS,
demonstrates a high level of accuracy in predicting antenna
parameters by employing ANFIS and leveraging Optimizable
KNN for the purpose of categorizing three distinct types of ra-
diating element: microstrip radiating element, horn radiating
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element, and helical radiating element. The ANFIS demon-
strates a high level of precision and efficiency in estimating the
dimensions of various types of antennas, such as the width of
microstrip patch antennas, the diameter of helical antennas, and
the diameter of horn antennas. The ANFIS enables the compre-
hensive analysis of intricate relationships between features and
labels, thereby augmenting the modeling adaptability for intri-
cate antenna characteristics. In contrast, Optimizable KNN is a
technique that offers simplicity and efficiency in computational
processes, particularly when dealing with datasets of moderate
size.

2. SYSTEM DESCRIPTION

Figure 1 illustrates the intelligent antenna synthesis system that
is recommended. The framework of the proposed system com-
prises two main components, namely ANFIS model and intel-
ligent classification module.

The antenna characteristics such as reflection coefficient
(S11), resonant frequency (f,), gain (G), and bandwidth (BW)
are input into a K-nearest neighbors (KNN) classification
model that has been trained effectively. This model is utilized
to classify the antenna type that is most appropriate for the
initial step of the system. The subsequent elaboration of the
optimal antenna parameter design is accomplished through the
utilization of the ANFIS technique. The initial step involves
examining the impact of the antenna’s properties on the
overall model’s performance through the utilization of the
switch variate approach. Because each antenna has numerous
parameter sets, simulating different values for each parameter
would result in an excessively large dataset and significant use
of computational resources. The analytical formulas found in
the existing scholarly literature are employed to ascertain the
factors that have a substantial impact on the results of each type
of antenna. Subsequently, the HFSS toolbox is employed to
generate electromagnetic simulation outcomes that align with
the aforementioned variables. The optimizable KNN algorithm
is a supervised learning classification technique that aims to
predict the accurate classification of a novel sample by utilizing
a set of data points or vectors that have been categorized into
different classes. A robust classification model is developed
through iterative training of an optimizable K-nearest neigh-
bors (KNN) algorithm using cross-validation techniques, and
by integrating diverse datasets containing different antenna
configurations. Optimizable KNN classifiers are effectively
employed in diverse domains. The primary characteristic that
distinguishes them is their proficiency in deriving informative
decision-making insights from the available data. It is feasible
to generate an optimizable KNN model from training sets for
different antenna configurations. When the optimizable KNN
classifier accurately predicts the antenna, the output value for
the specific class is assigned as one, while the output values
for the remaining classes are assigned as zero. The ANFIS
is activated exclusively when both inputs exhibit identical
values, and the output of the optimizable KNN classifier is
subsequently supplied to an AND gate. The ANFIS framework
maintains datasets that encompass the specifications of optimal
antenna size parameters corresponding to the input design
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FIGURE 1. Proposed intelligent antenna synthesis system.
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FIGURE 2. (a) Proposed microstrip antenna. (b) Proposed horn antenna. (c) Proposed helical antennas.

parameters, including .S71, resonant frequency, bandwidth, and
gain. Once the ANFIS has been assessed using a specific set
of design parameters and compared to preexisting datasets, the
outcomes pertaining to the optimal antenna size parameters are
subsequently provided.

3. METHODS DESCRIPTION

3.1. Proposed Antenna

The patch antenna comprises three main components, namely
the radiating element, substrate, and ground plane, as depicted
in Figure 2(a). These components exhibit various geometric pa-
rameters, including width of the patch and length of the patch,
which contribute to the antenna’s overall design and perfor-
mance. The input parameters of a microstrip patch antenna in-
clude values for S1;, gain, bandwidth, and resonant frequency.

209

The output parameter of the microstrip patch antenna is the
width. The resonant frequency exhibits a range spanning from
2.4 GHz to 5 GHz, as indicated in the accompanying table. The
values were derived from the HFSS toolbox. The technique
proposed in our study utilizes microstrip patch antenna param-
eters to estimate various parameters by employing an optimiz-
able KNN classifier and ANFIS technology. The data is ob-
tained through simulation using the HFSS toolbox.
Rectangular patches are the most frequently utilized type.
The investigation of the transmission line and cavity models,
which exhibit enhanced accuracy when being applied to thin
substrates, does not pose significant challenges. The struc-
tural layout of the pyramidal horn antenna is illustrated in Fig-
ure 2(b). The pyramidal horn antenna possesses various geo-
metrical characteristics, including but not limited to the horn
diameter (hg), horn length (h;), thickness of the wall, length
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TABLE 1. Corresponding ranges of the antenna performance parameters.

Performance Parameters | Helical Antenna | Microstrip Patch Antenna | Pyramidal Horn Antenna
Reflection Coefficient (dB) —12.5 ~ —18 —14 ~ =39 —17 ~ =27
Resonant Frequency (GHz) 1.1~6.9 25~5 3.1 ~ 28
Bandwidth (GHz) 0.45~2.1 0.0555 ~ 0.1041 0.205 ~ 0.3483
Gain (dB) 11.2 ~14.8 51~8 1.1~ 289

of the waveguide, and flare length of the horn. The pyramidal
horn is a geometric shape commonly used in antenna design and
acoustics. The proposed technique utilizes antenna parameters
to estimate various parameters through the application of an op-
timizable KNN classifier and ANFIS technology. The compu-
tation of the gain of a horn antenna is facilitated by its design
factors, which include axial length, path difference, flare an-
gle, and aperture dimension. These parameters contribute to
the overall simplicity of the gain calculation process for the
horn antenna. Pyramidal horns are designed with the purpose
of facilitating high gain. The structural layout of the helical
antenna is depicted in Figure 2(c). The geometrical character-
istics of this antenna include helix diameter (hy), wire diameter
(wgq), ground plane width, and feed pen height. Helical anten-
nas are considered to be the primary type of antennas utilized
in ultra-high frequency applications. The input parameters for
a helical antenna include Sp1, gain, bandwidth, and resonant
frequency values. The output parameter for a helical antenna
is the helix diameter. The resonant frequency exhibits a range
spanning from 1 gigahertz (GHz) to 6 gigahertz (GHz), as in-
dicated in the accompanying table. The values were derived
using the HFSS toolbox. The technique proposed in our study
utilizes helical antenna parameters to estimate various param-
eters through the application of an optimizable KNN classifier
and ANFIS technology. The data is obtained through simula-
tion using the HFSS toolbox.

3.2. Dataset

The selection of the microstrip patch antenna with compact di-
mensions is primarily based on the overall characteristics ex-
hibited by patch antennas, such as the wide bandwidth of the
helical radiating element and the high gain of the pyramidal
horn radiating element. Table 1 displays the pertinent intervals
for the parameters pertaining to the performance of the antenna.
The selection of the geometric parameter for the rectangular
patch antenna in Section 3 is based on theoretical investigation,
specifically the patch width (w). The parameter variable for
the pyramidal horn antenna is denoted as the diameter of the
horn (d). Furthermore, the selection of helix diameter (h;) was
made as the geometric parameter for a helical antenna. The
data is derived using the HFSS toolbox simulation. The width
parameters of the microstrip patch antenna range from 13.75
to 29.42 mm. The pyramidal horn radiating element exhibits a
range of horn diameters, spanning from 4 to 10 cm. The heli-
cal antenna exhibits a range of 1.59-9.541 cm for its diameter.
Each individual antenna produces a collective sum of 50 data

points, of which 80% are allocated for the purpose of training
and validating the optimizable KNN and ANFIS models. The
remaining 20% of the data is reserved for evaluating the perfor-
mance of the models.

3.3. Optimizable KNN Classifier

The proposed methodology consists of three distinct categories:
category A, which pertains to microstrip patch antennas; cate-
gory B, which pertains to horn antennas; and category C, which
pertains to helical antennas. Additionally, a new data point, de-
noted as x1, will be assigned to one of these categories. A K-
nearest neighbors (KNN) algorithm that can be optimized was
proposed as a solution for addressing this particular issue. The
optimizable KNN algorithm enables efficient determination of
the category or class of a given dataset. Figure 3 illustrates
the flowchart representing the optimizable KNN classifier. Fig-
ures 4(a) and 4(b) show the effect of optimization on the KNN
algorithm before and after optimization.

Select Optimizable K Value ]
v
[ Calculate the Correlation distance ]
Vv
s a

Take the nearest neighbors based on calculated
Correlation distance

v

Count the number of data points in all category

v
f 2

Assign the new data point to the category which
provides maximum number of neighbors

v

End of Process

FIGURE 3. Flow chart for optimizable KNN classifier.

3.4. Optimizable on KNN Algorithm
Step-1 Choose the number K of neighbours.

Step-2 Determine the correlation distance between K
neighbours.
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rithm before optimization. (b) KNN algorithm after optimization.

Correlation distance between antenna A; and antenna B
is represented as

(Xs B Xs)(Y;f _ Yt),
\/(XS - Xs)(Xs - XG)/\/(Y; - th)(Y% - Y/t)/
(M

dst=1—

where X, = 2 > X andY; = 1 > Y

Step-3 Based on the optimal Correlation distance, select
the optimized K nearest neighbour value.

Step-4 Count how many data elements there are in each
group among these opmizable K neighbours.

Step-5 Assign the additional data points to the category
where the neighbour count is at its highest.

Step-6 Our model is complete.

3.5. ANFIS Architecture

Adaptive Neuro-Fuzzy Inference System (ANFIS) employs
learning algorithms to simulate and analyze the mapping rela-
tionship between input and output data in order to optimize the
settings of a Fuzzy Inference System (FIS).

The ANFIS architecture is composed of several layers, in-
cluding an input layer, an input membership function layer, a

output

Logical Operatip
and

[ ] or

not

FIGURE 5. Architecture of ANFIS.
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rule layer, an output membership function layer, and an output
summation layer. The architecture of the ANFIS is depicted in
Figure 5. The ANFIS model is founded upon the principles of
the Sugeno fuzzy model. Py is represented as.

Py : TF uX; (a) AND uY; (b) THEN h = ¢ + di, + e (2)

k — Number of regulations.

In the rule’s antecedent component, fuzzy membership func-
tions X; and Y; are indicated by u. Pg, cg, di, and ey, are the
linear parameters of the kth rule’s consequent component.
Layer 1 (Input layer)

Each node in this layer possesses a node membership func-
tion that is adaptive.

uX;(a), i=1,2,...,50 3)
M? =pY, (b), i=1,2,..,50 4)
In our proposed methodology triangular shape fuzzy member
function is used.
Layer 2 (Input membership function)

Determine the rule view product operation’s firing strength.
M} =w; = pX; (a) x pY; (b), i=1,2,..,50 (5)

Layer 3 (Fuzzy rules)

Determine a rule’s normalised firing strength from a preced-
ing layer.

w;
3 J— i

= . i=1,2,...
7 Zwi ?

;50 (6)

Layer 4 (Output membership function)

Each node in a fuzzy rule specifies the subsequent compo-
nent. The rule consequent’s sequential weights can be trained.

i=,2,..,50 (7)

¢k, di, ey, are the sequential weights. In the preceding equation,
x and y represent the input and output variables.

M} =w; - hy = W; - (cxx + dry + ex)

Layer 5 (Summation layer (or) output layer)

By adding the outputs of all the rules, nodes in layer 5 de-
fuzzify the subsequent section of the rules.

Mz5 — Zﬁzhl = ZWZ (ckr 4 dpy + ex)

i=1 i=1

®)

ANFIS can process precise input. Membership functions and
fuzzy rules are used to represent various antenna parameters
such as S71, gain, frequency, and bandwidth, and fuzzy rules
are again used to create clear output for logical purposes. The
variables x and y in the above equation denote input and output,
respectively.

4. RESULT AND DISCUSSION

The utilization of a confusion matrix serves as a method for
effectively representing the performance evaluation of antenna
classification. The term “matching matrix” is synonymous with
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FIGURE 6. Confusion matrix of the antenna classification.

“confusion matrix” in academic literature. Figure 6 illustrates
the proposed matrix for categorizing antenna confusion. The
projected values in each column of the confusion matrix rep-
resent the count of predictions made for each class, as denoted
by the total number of entries in each column. It is evident
that all the numerical values within the diagonal grid have been
duly completed, thereby signifying the successful fulfilment
of each antenna’s designated function. Figure 7 depicts the
parallel coordinate’s visualization of the antenna dataset. The
presented graph depicts the interconnections among input vari-
ables, namely resonant frequency (f.), S11, bandwidth (BW),
gain (7), and the standard deviation associated with every class.

The true negative (TN), true positive (TP), false negative
(FN), and false positive (FP) values are derived from the confu-
sion matrix. Accuracy, sensitivity, and specificity can then be
calculated using Equations (1), (2), and (3), respectively. The
experimental findings presented in Table 2 demonstrate that the
optimizable KNN algorithm exhibits a significant enhancement
in classification speed when being applied to various antenna

TABLE 2. Performance measures of optimizable KNN classifier.

Parameters Values
Training Time (sec) 14.327
Prediction Speed (observation/sec) | ~ 8000
True positive value 40
True negative value 79
False Positive value 1
False Negative value 0
Accuracy (%) 99.16
Sensitivity (%) 100
Specificity (%) 98.75

Standard Deviation
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FIGURE 7. Parallel coordinates plot.

training set samples. Furthermore, there is potential for further
improvement in terms of accuracy, sensitivity, and specificity.

A depiction of the Receiver Operating Characteristic (ROC)
curve is shown in Figure 8. The ROC curve provides insight
into a classifier’s effectiveness. When the classification perfor-
mance exceeds expectations, the ROC curve approaches unity.
Each of the helical antenna, horn antenna, and rectangular patch
antenna has a unitary area under its respective curves. The er-
ror plot’s classification is depicted in Figure 9. The error is zero
when the expected value and observed value are identical. Er-
rors are the differences between expected and actual outcomes.
When the observed value exceeds the predicted value, the re-
sulting discrepancy is categorised as a positive error.

Partial dependence plot (PDP) illustrates the marginal impact
of one or two features on the predicted outcome of a machine
learning model. PDP is an effective tool for determining the na-
ture of the correlation between a desired variable and a specified
attribute. It can provide insights into whether this relationship
is linear, monotonic, or exhibits a more intricate pattern. Par-
tial dependence graphs demonstrate a linear relationship when
being employed in the context of a linear regression model.

The probability density function (PDF) of regression is given

by
Gty = Ey. [0 (9. Ye)] = / g (4s.Yo)dP (V)  (9)

The characteristics that should have the PDF drawn are ys,
and the other features employed in the machine learning (ML)
model g, which are now considered as random variable, are Y.
Typically, the set .S has just one or two features. S’s feature(s)
affect prediction; y is the feature space of Y and Y.

Monte Carlo approach averages training data to estimate par-
tial function g,:

9s (ys) = % Zn:g (ymyﬁ”) (10)
=1
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In this formula, Y, represents the actual value of a dataset
feature, and n represents the number of dataset instances. The
PDP presumes no correlation between C' and S features.

The information provided by partial dependence plots per-
tains to the maximal influence of considered features on classi-
fication problems. The classification of horn antennas is influ-
enced by the feature resonant frequency and maximal gain, as

Minimum Classification Error
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FIGURE 11. PDP for bandwidth.

shown in Figures 12 and 13. Similar to Figure 13 and Figure 11,
it is found that gain and bandwidth contributed equally to the
classification of helical antennas. The characteristic S1; serves
a crucial role in the classification of microstrip patch antennas,
as shown in Figure 10.

Figure 14 depicts the membership function of the resonant
frequency. The resonance frequency of a helical antenna ranges
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from 1 to 6 GHz. Figure 15 depicts the S7; membership func-
tion. The reflection coefficient ranges from —13 to —17 dB for
helical antennas.
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Figure 16 depicts the membership function for the helix di-
ameter (a) membership category. In an ANFIS model, the helix
diameter is used to define the output membership function. The
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TABLE 3. Training and testing error for FIS optimization.

o Width of the Helix diameter of Horn diameter of
FIS Optimization
Method Patch Antenna helical antenna horn antenna
etho
Training Error MAPE Training Error | MAPE | Training Error | MAPE
Hybrid 2.673 x 1075 | 5.9248 x 107> | 4.01067 x 107¢ | 2.8451 1.5428 1.4514
Back propagation 0.0013875 5.9248 x 107° 0.00110813 2.8451 3.8927 1.5827
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FIGURE 16. Membership function of helix diameter.

TABLE 4. Performance comparison of proposed method with existing
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FIGURE 17. (a) ANFIS testing window for parameter prediction of helical antenna when FIS trained using hybrid algorithm. (b) ANFIS testing
window for parameter prediction of helical antenna when FIS trained using back propagation algorithm.

triangular membership function is employed in our suggested
methodology to analyze different antenna properties. The range
ofthe helix diameter for helical antennas is 1.59 cmt0 9.541 cm.

Table 3 displays the training and testing errors associated
with the Fuzzy Inference System (FIS) optimization, which
incorporates the hybrid and back propagation approach. The
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training error for hybrid algorithms is found to be smaller in the
case of helical antennas than microstrip patch antennas and horn
antennas. The hybrid algorithm in microstrip patch antenna ex-
hibits a lower mean absolute percentage error than horn and
helical antennas. The training error of the back propagation al-
gorithm is lower in the case of helical antennas than microstrip
patch antennas and horn antennas. In contrast to the mean ab-
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FIGURE 18. (a) ANFIS testing window for parameter prediction of patch antenna when FIS trained using hybrid algorithm. (b) ANFIS testing
window for parameter prediction of patch antenna when FIS trained using back propagation algorithm.
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FIGURE 19. (a) ANFIS testing window for parameter prediction of horn antenna when FIS trained using hybrid algorithm. (b) ANFIS testing window
for parameter prediction of horn antenna when FIS trained using back propagation algorithm.

solute percentage error (MAPE) exhibited by horn and helical
antennas, the MAPE associated with a microstrip patch antenna
demonstrates a comparatively reduced value when being uti-
lized in conjunction with the back propagation algorithm.

In Figure 17(a), the ANFIS testing window is depicted,
showcasing the prediction of helical antenna parameters when
the FIS was trained using a hybrid approach. The initial step
involves loading the training data, followed by the establish-
ment of FIS. The ANFIS testing panel will promptly display the
training error. In a similar manner, the testing data is loaded,
and the FIS is created prior to presenting the average testing
error within the ANFIS testing window. The hybrid algorithm
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yielded an average testing error of 2.8451 for the helical an-
tenna.

The ANFIS testing window for helical antenna parameter
prediction is depicted in Figure 17(b), wherein the FIS was
trained utilizing a hybrid approach. The initial step involves
loading the training data, followed by the establishment of FIS.
The ANFIS testing panel will promptly display the training er-
ror. In a similar manner, the testing data is loaded and the FIS
is created prior to presenting the average testing error within
the ANFIS testing window. The average testing error for a he-
lical antenna in the back propagation algorithm is measured to
be 2.8451.
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The ANFIS testing window for patch antenna parameter pre-
diction is depicted in Figure 18(a), wherein the FIS was trained
using a hybrid approach. The initial step involves loading the
training data, followed by establishment of FIS. The ANFIS
testing panel will promptly display the training error. In a sim-
ilar manner, the testing data is loaded, and the FIS is created
prior to presenting the average testing error within the ANFIS
testing window. The hybrid algorithm yielded an average test-
ing error of 5.9248 x 107> for the patch antenna. The AN-
FIS testing window for patch antenna parameter prediction is
depicted in Figure 18(b), wherein the FIS was trained using a
hybrid approach. The initial step involves loading the train-
ing data, followed by establishment of FIS. The ANFIS testing
panel will promptly display the training error. In a similar man-
ner, the testing data is loaded, and the FIS is created prior to
presenting the average testing error within the ANFIS testing
window. The average testing error for a patch antenna in the
back propagation algorithm is 5.9248 x 10~°.

Figure 19(a) illustrates the ANFIS testing window utilized
for the prediction of horn antenna parameters, where the FIS
was trained using a hybrid approach. The initial step involves
loading the training data, followed by the establishment of FIS.
The ANFIS testing panel will promptly display the training er-
ror. In a similar manner, the testing data is loaded, and the FIS
is created prior to presenting the average testing error within
the ANFIS testing window. The hybrid algorithm yields an
average testing error of 1.4514 for a horn antenna. The AN-
FIS testing window for horn antenna parameter prediction is
depicted in Figure 19(b), wherein the FIS was trained using a
hybrid approach. The initial step involves loading the training
data, followed by Fuzzy Inference System. The ANFIS test-
ing panel will promptly display the training error. In a similar
manner, the testing data is loaded, and the FIS is created prior
to presenting the average testing error within the ANFIS test-
ing window. The average testing error for a horn antenna in the
back propagation algorithm is measured to be 1.5827.

Table 4 presents a comparative analysis between the pro-
posed system and various machine learning techniques. The
results indicate that the suggested methods exhibit greater effi-
ciency than the existing system.

5. CONCLUSION

This research presents the development of an advanced ma-
chine learning model that utilizes intelligent algorithms to accu-
rately predict geometric parameters and classify antennas. The
proposed model for classifying antennas is based on the AN-
FIS. The antenna classification model, when utilizing the op-
timizable KNN classifier, demonstrates a high level of accu-
racy at 99.16%. Similarly, the model for estimating geometric
parameters, employing the adaptive neuro-fuzzy inference sys-
tem, exhibits a low Mean Absolute Percentage Error of less than
3%. The real-time implementation of the proposed (Optimiz-
able KNN + ANFIS) model is recommended for achieving ac-
curate antenna classification and predicting geometric parame-
ters.
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