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SUMMARY

Artificial neural networks (ANNs) have been often used for engineering design problems. In this work, an inverse
model of a reconfigurable N-shaped microstrip patch antenna which is formed by ANN is considered to find design
parameters. For this task, knowledge-based response correction consists of two steps, which include generating re-
sponse using multilayer perceptron as a first step and correcting this response using knowledge based methods
such as source difference, prior knowledge input, and prior knowledge input with difference as a second step.
The proposed antenna has four states of operation controlled by two Positive-Intrinsic-Negative (PIN) diodes with
ON/OFF states. The two-step ANN models are inversely trained using the optimum of the resonant frequency pa-
rameter as the input and the physical dimensions of the proposed antenna as outputs of the multilayer perceptron.
The outputs and, in some methods, the input parameters of the multilayer perceptron are sent as input to the
knowledge-based models while the obtained outputs from the two steps are the results of the new physical dimen-
sions of the redesigned reconfigurable antenna that will be compared and analyzed. This input/output complexity
of the proposed reconfigurable antenna allows an accurate and fast inverse model to be developed with less
training data. Users may use this antenna and its ANN models to develop new products in the market where
any frequency in the operating region can be given to the input to result an appropriate form of the new
reconfigurable antenna. Copyright © 2015 John Wiley & Sons, Ltd.
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1. INTRODUCTION

With the fast development of wireless communication, especially in MIMO techniques [1], radar sys-
tems, mobile hotspots, and portable computers [2], the reconfigurable microstrip antennas are gaining
great responsiveness; their behavior can be adapted with changing complex system requirements or
environmental conditions, and they supply additional functionality for any wireless communication
systems [3]. They can also operate in wider instantaneous frequency bandwidths, radiation patterns
with more desirable side lobe distributions. In addition, they allow the reuse of resonant frequencies
and increase the capacity of the communication systems [4]. Various reconfiguration techniques have
been employed based on the integration of radio-frequency microelectromechanical systems, PIN
diodes, varactors, and photoconductive elements [5, 6]. In this study, PIN diodes are employed for their
low rate of loss and low cost [7]. The switching states that have been studied in this paper are
OFF–OFF, ON–ON, and ON–OFF states. Each state possesses a wide range of frequencies that make
*Correspondence to: Ashrf Aoad, Department of Electrical and Electronics Engineering, Bahcesehir University, Istanbul,
Turkey.
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the use of the proposed reconfigurable N-shaped microstrip patch antenna (RNSMPA) more suitable
for particular applications when compared with similar reconfigurable antennas with PIN diode studies
in [4, 7–9]. Therefore, its performance makes it an ideal candidate for the wireless communication
systems.

During the last decade, there has been a growing demand for applying optimization methods [10] to
the antenna design, such as Bayesian algorithms [11], genetic algorithms [12], space mapping [13, 14],
and ANNs [15, 16].These algorithms are used not only for the antenna design process, but also for fast
operation simulations and improving the accuracy of the models [5]. ANNs are presented as an advan-
tageous tool for RF/microwave modeling and design because of their mathematical simplicity. They
have also been explored as a solution technique for design, optimization [17], and modeling to form
linear–nonlinear input/output relationships from the corresponding data [5]. In certain cases, knowledge
from modeled structures is available such as data from coarse models, equivalent models, semi-
analytical equations, and computational and empirical formulas [18]. In knowledge based modeling,
the existing knowledge is incorporated as input and/or output parameters of a learning model (e.g., an
ANN) [19]. Knowledge-based modeling is more accurate, faster, has better extrapolation performance
and requires less training data compared with the multilayer perceptron (MLP) [18]. In antenna design,
typically, a forward ANN model is used where the physical dimensions are as input parameters and the
S-parameters as outputs. However, in an inverse ANN knowledge-based model, the frequency points
supplied as inputs and the physical dimensions as outputs [20–22].

This paper presents a novel solution by using a knowledge-based response correction inverse model
of ANN for designing RNSMPA as an alternative to EM simulations. The design contains two steps:
MLP followed by a knowledge-based model such as a source difference method (SD), prior knowledge
input method (PKI) [18, 23] or prior knowledge input with difference method (PKI-D) [5, 19]. It is
important to note that the outputs of MLP present a coarse information about the antenna, which is later
corrected by the knowledge-based models. Finally, the parameters obtained from the ANNs are
redesigned by the EM Computer Simulation Technology (CST) Studio and compared with the original
(fine) model. The proposed solutions demonstrate to be particularly useful in situations where a reso-
nant frequency is the only input used to result in various geometrical dimensions.
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2. RECONFIGURABLE ANTENNA DESIGN

The PIN switch-based RNSMPA under researching is shown in Figure 1. Several challenges are
addressed during the design phase, such as the system performance (bandwidth, wide range of operat-
ing frequency, directivity, etc.), antenna size, cost, profile, capable of fabrication, and ability to recon-
figure from one state to the next [2].

The studied antenna presents a novel reconfigurable microstrip-patch antenna. This RNSMPA con-
sists of three layers and a feeding system. The radiating conductors (first layer) consist of two-mirrored
triangles as shown in Figure 1(a) where the dimension parameters of L1, L2, L3, W1, and W4 set to
0.8 cm. They are modeled on an Flame Retardant, type 4 (FR-4) substrate board (second layer) with
a thickness of 0.2 cm and a relative permittivity of 4.3. The ground plane (third layer) is printed on
Figure 1. Reconfigurable antenna (a) top view, (b) side view, and (c) input/output relationship for electromagnetic
simulator, where c1 and c2 represent closest points to the optimum frequency point.
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the back side of the substrate [24]. The unfilled space (W2 and W3) between the triangles and the mid
microstrip that includes two PIN diodes (D1 and D2) is 0.2 cm. The PIN diodes positioned in the upper
left and lower right sides of the triangle patches distribute the current paths on the microstrips depend-
ing on its bias state [25]. When the switching diodes are open (OFF–OFF state), the current is distrib-
uted on the middle conducting patch only, and the RNSMPA operates in a lower frequency band
(2 ~ 3.9GHz). When both of the diode switches are closed (ON–ON state), the effective length of
the RNSMPA becomes higher causing the antenna to operate in a mid-frequency band (4~ 6GHz).
If a diode is open while the other is closed (ON–OFF state), the RNSMPA operates in a higher fre-
quency band (8~ 10GHz) as the effective patches are the middle rectangle and the triangle that is con-
nected to it. Therefore, the resonant frequencies are a function of the switch positions (i.e., the diode
states) [15]. The feeding system is centered at the center of mid patch with a radius of 0.065 cm as
shown in Figure 1(b). The optimum frequency and points that are close to it (i.e., c1 and c2 circles
as shown in Figure 1(c)) are at the heart of the design process of this study. To realize the ON and
OFF states, two different resistors are used for the PIN diodes [26]. The large resistor has a resistance
value of 130Ohms to enable the locking of the direct current on the surface of the triangle patches
when used in the OFF state, which is considered a reverse biased and almost represented as an open
circuit [4]. The small forward resistor has a value of 5Ohms when used in the ON state and almost rep-
resented as a short circuit [4]. For simplicity, the series inductor and parallel capacitor of the lumped
elements are neglected in the equivalent circuit model [8, 26]. In order to perform this nonlinear func-
tion, minimum and maximum of the generated training data is tabulated in Table I. Other parameters
that are shown in Figure 1, but not shown in Table I such as the width of triangles (W1 and W4), the
radius of the feeding, unfilled spaces (W2 and W3), thickness of radiating patch, ground plane, and sub-
strate, are not considered in training data.
23]. See the T
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3. PROPOSED KNOWLEDGE-BASED RESPONSE CORRECTION METHOD

This section describes the knowledge-based response correction method (KBRC) where existing
knowledge (frequency data set) is combined with neural networks as shown in Figure 2. Various ef-
fects of adding knowledge/information on the performance of ANN models are noticed, such as gen-
eralization ability, extrapolation ability, and model reliability [18]. In KBRC modeling, existing coarse
model (MLP model’s output) is used to construct input/output relationships of the component model.
The proposed KBRC inverse model consists of a two-step neural network followed by EM simulator to
Table I. Representative values of the minimum, maximum, and number of samples of the lengths and resistance
parameters.

Parameters Symbol Minimum Maximum Samples

Length of the left patch L1 (cm) 0.8 2 9
Length of the mid patch L2 (cm) 0.7 2 9
Length of the right patch L3 (cm) 0.65 2 9
ON state (D1 or D2) RON (Ω) 5 — 1
OFF state (D1 or D2) ROFF (Ω) — 130 1
Frequency fi (GHz) 1 10 100

Figure 2. General electromagnetic (EM)-knowledge-based response correction (KBRC) inverse model.
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redesign the output of XKBNN for obtaining corrected response of the RNSMPA, which is represented
by YEM. Thus, the relationship between the inputs of Y and the outputs of X is multidimensional and
nonlinear [27]. Input for the EM-KBRC inverse models is mainly the frequency information only (ff)
of the fine model, while outputs are the desired physical parameters of the reconfigurable antenna.

In order to train the EM- KBRC inverse models, a number of EM, MLP, and knowledge-based neu-
ral network (KBNN) simulations need to be implemented. These simulations are necessary because it
is important to display input/output relationships through EM-KBRC inverse model. The model pro-
posed in Figure 2 can process nonlinear and multiple input/output variables effectively [28], providing
good results for YEM (YEM= fopt=Yf�MLP, Yf� SD, Yf� PKI, and Yf� PKID).

The training data obtained from the EM simulator has 72,900 samples, which are computed accord-
ing to Table I by considering all possible combinations as 100×9×9×9×1×1=72,900 [15]. This
large amount of training data is reduced to 86 samples only. The reduction procedure depends on
the selection of optimum points for resonant frequencies, which are located by the lower value of
the return loss [29]. For covering a wide range of resonant frequencies, which are spanned from 2 to
10GHz (excluding the interval from 6.1 to 7.9GHz) with a step size around 100MHz between the suc-
cessive frequency points. Some frequency points are selected to be close to the optimum frequency
points as shown in Figure 1(c).

In the models testing stage, a new testing data set of input/output samples selected inside the train-
ing data is used to test the accuracy of the models for interpolation [27]. In addition, selecting a point of
an input sample outside the training data is for extrapolation [19].
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3.1. Multilayer perceptron

Multilayer perceptron [5, 13, 23] (without any knowledge based) consists of three perceptron layers
lined as an input layer (Y), one or more hidden layers, and finally, an output layer (X). Each layer con-
tains a number of neurons, which can be denoted as processing elements. There are interconnections
between neurons as well. Every interconnection has a weight parameter linked to it, which are learned
from the available training data. Each neuron receives data from the neighboring neurons at the previ-
ous layer and computes a weighted sum, which passes through an activation function to produce an
output for that neuron [5]. The function of the input and the output vectors can be presented as X= f(Y).
In this study, the input is Yf = [ f ]T, and the predicted output is XC= [L1, L2, L3, D1, D2,]

T. D1 and
D2, reflect the state of the diodes (the same procedure is applied on the following methods).

The EM-KBRC inverse models that will follow, MLP is the first step in which its output is consid-
ered as a coarse model (XC) as shown in Figure 3.

Equations (1) and (2) represent the training error (e) for ith iteration and fopt which gives frequency
at minimum of Yf�MLP, respectively. Training process updates weighting coefficients of MLP until
stopping criteria is satisfied. Equations (1) and (2) are same as a general principle in the next methods.
Figure 3. First step of electromagnetic (EM)-multilayer perceptron inverse model.
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f � X i

MLP: (1)

f opt ¼
argmin

f
Y f�MLP
� �

: (2)

3.2. Source difference method

The SD method [5, 18, 23] combines two training data sets to be the target of the network, which are
the EM simulation output Xf= [L1, L2, L3, D1, D2,]

T representing the fine data and the output response
of MLP (XC) obtained from the first step as shown in Figure 4. Thus, the input parameter of the SD
(hatched MLP box) is only Yf = [ f ]T, the predicted output XSD=XC+XMLP, while the target is
ΔXSD=Xf�XC as shown in Figure 4.

The function of the input and the output of the redesign phase of EM simulation is presented as
follows:

Y f�SD ¼ gEM X SDð Þ; (3)

where Yf� SD is the optimum resonant frequency (fopt) that is obtained by redesigning predicted output
of the second step (XSD). eSD is the error measure computed as the absolute difference between fopt and
Yf, which can be calculated by the following equation:

eSD ¼ f opt � Y f
�� �� (4)

Equations (3) and (4) are same as a general principle in all methods.

3.3. Prior knowledge input method

The PKI was proposed in [5, 18, 23]. In this method, the output response of MLP (XC) is used as extra
input for PKI (hatched MLP box) in addition to the original fine model response (Yf). The target re-
sponse of PKI is the fine model input parameters (Yf). Therefore, the input/output mapping is con-
structed between the output response of MLP (XC) besides the fine model response (Yf) and the
target response (Xf). Thus, the input parameter for PKI is YPKI= [L1, L2, L3, D1, D2,]

T as shown in
Figure 5.

3.4. Prior knowledge input with difference method

The PKI-D was proposed in [5, 19]. It exploits the advantages of two knowledge-based methods,
which are explained previously (PKI and SD). The output response of MLP (XC) and the fine model
response (Yf) are utilized as the inputs of PKI-D (hatched MLP box). The difference between fine
model input parameters (Xf) and the output response of MLP (XC) is utilized as the output of PKI-D.
Therefore, the input parameter is YPKID= [L1, L2, L3, D1, D2, XC]

T, while the target is ΔXPKID=Xf�XC

as shown in Figure 6.
Figure 4. Two steps of electromagnetic (EM)-knowledge-based response correction (KBRC) inverse model for
source of difference.
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Figure 5. Two steps of electromagnetic (EM)-knowledge-based response correction (KBRC) inverse model for
prior knowledge input.

Figure 6. Two steps of electromagnetic (EM)-knowledge-based response correction (KBRC) inverse model for
prior knowledge input with difference.
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4. TRAINING AND TESTING OF KNOWLEDGE-BASED RESPONSE CORRECTION INVERSE
MODEL

There are three data sets that are considered to demonstrate the performance of KBRC method. A train-
ing data set includes the optimum and closest points for the resonant frequencies. Three optimum fre-
quency points and corresponding three geometries are selected inside the training data set to show the
test performance. Two more frequency points, which are not included by training data set, are selected
as extrapolation points to check the performance of generalization capability of the proposed method as
well. In the case of increasing the testing errors, the training process will be stopped for canceling
overfitting of the training data [28]. Another important problem with ANN modeling is to determine
the network architecture, which starts with a simple network, usually includes only one hidden layer
with some neurons. By following the learning process, it is easy to note the accuracy and the speed
achieved or not. If not, additional neurons are added to the hidden layer. Till identifying the optimal
network architecture, adding neurons and layers will be continued. At the end of this procedure, the
number of hidden layers is found to be two for all models. However, the number of neurons is in range
(30–60) for MLP and (40–30) for KBNNs. ANN models are trained by using Levenberg–Marguardt
algorithm [30, 31] with tangent-sigmoid transfer functions in the hidden layers and a purely linear
function in the output layer. The training of the model is achieved by setting the learning rate (η) to
0.1 for MLP and 0.05 for KBNNs, the performance goal to 0.000001 for MLP and KBNNs and
momentum coefficient (μ) to 0.02 for MLP and 0.1 for others. The regularization coefficient of the net-
work is chosen as 0.2 where an L2-norm regularizer is used [31]. The normalized mean absolute error
(NMAE) measure computes the absolute difference between the fine outputs and the outputs of ANNs
and is used to assess the accuracy of the neural networks. NMAE is quantified as follows:
Copyright © 2015 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2017; 30: e2129
DOI: 10.1002/jnm
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; (5)

where the Yfj represents the optimum value of the output of the fine model, tj is the optimum value of
ANNs output, and N is the number of the data samples in the test set. The whole ANN structures for
both inverse MLP and knowledge-based methods, which are used for response correction, are realized
by MATLAB ANN toolbox.
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5. RESULTS AND DISCUSSION

The neural network models are repeatedly trained 50 times, and the physical dimensions of the
RNSMPA are computed on the test sets to investigate the statistical behavior of the randomized net-
work initialization. The accuracy of the models is presented by the average error and S-parameter
curves, which are the results of re-simulating the physical parameters obtained from KBRC inverse
models. The overall tendency is that KBNNs (hatched MLP in the figures) are trained by (40–30) neu-
rons for two hidden layers in the second step, while MLP is trained by (30–60) neurons in the first step.

5.1. Interpolation results

Three sets of testing samples were selected inside training data. Each set presents a state of switching
PIN diodes. Therefore, the results shown in Tables II, III, and IV of the physical dimensions of the pro-
posed reconfigurable antenna present OFF–OFF, ON–ON, and ON–OFF states, respectively. Each
method has various values for each input variable, where every method operates successfully at differ-
ent resonant frequency bands. On the other hand, the physical parameters obtained from ANN inverse
models were redesigned by the EM simulator and compared with the fine results as shown in Figures 7,
8, and 9, respectively. It is important to note that MLP results obtained by the first step of the EM-
KBRC inverse models are not immediately corrected. However, SD, PKI, and PKI-D models in the
Table III. A comparison between the results obtained by ANN inverse models and EM model in ON–ON state.

Parameters EM MLP SD PKI PKI-D

L1 (cm) 0.8625 1.0399 1.1114 1.0222 1.0017
L2 (cm) 1.85 1.5279 1.5503 1.6146 1.6236
L3 (cm) 0.9875 0.8254 0.8030 0.8661 0.9460
D1 (Ω) 5 4.9996 3.8894 4.0437 2.7967
D2 (Ω) 5 5.4031 4.1598 7.1811 3.3908
fopt (GHz) 4.27 4.4545 4.3636 4.3636 4.3636
RL (dB) �47.76 �29.16 �24.74 �26.19 �22.06

The results shown are the physical antenna parameters, optimum frequency point (fopt), and return loss (RL).
ANN, artificial neural network; EM, electromagnetic; MLP, multilayer preceptron; SD, source of difference; PKI, prior knowl-
edge input; PKI-D, prior knowledge input with difference.

Table II. A comparison between the results obtained by ANN inverse models and EM model in OFF–OFF state.

Parameters EM MLP SD PKI PKI-D

L1 (cm) 0.8625 0.9103 0.8554 0.8766 0.9072
L2 (cm) 1.25 1.6350 1.4392 1.4298 1.6236
L3 (cm) 0.65 1.2818 0.9035 0.9073 1.1274
D1 (Ω) 130 128.8989 128.0052 129.7975 130.3918
D2 (Ω) 130 127.9286 130.2623 129.2136 131.7255
fopt (GHz) 2.45 2.3636 2.4545 2.4545 2.4545
RL (dB) �57.57 �35.76 �33.36 �38.47 �41.88

The results shown are the physical antenna parameters, optimum frequency point (fopt), and return loss (RL).
ANN, artificial neural network; EM, electromagnetic; MLP, multilayer preceptron; SD, source of difference; PKI, prior knowl-
edge input; PKI-D, prior knowledge input with difference.
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Table IV. A comparison between the results obtained by ANN inverse models and EM model in ON–OFF state.

Parameters EM MLP SD PKI PKI-D

L1 (cm) 1.8375 1.8871 1.8634 1.8854 1.8690
L2 (cm) 0.8 1.5342 1.2353 1.2295 1.1636
L3 (cm) 0.65 0.9272 0.7786 0.8336 0.6618
D1(Ω) 5 3.4782 5.1865 4.8213 4.9795
D2 (Ω) 130 130.1626 129.3746 128.5880 128.7705
fopt (GHz) 8.60 8.3636 8.6364 8.5455 8.7273
RL (dB) �10.92 �10.61 �10.93 �10.91 �10.75

The results shown are the physical antenna parameters, optimum frequency point (fopt), and return loss (RL).
ANN, artificial neural network; EM, electromagnetic; MLP, multilayer preceptron; SD, source of difference; PKI, prior knowl-
edge input; PKI-D, prior knowledge input with difference.

Figure 7. Model accuracy comparison of S-parameters for the redesigned artificial neural networks inverse models
with the fine model when they are tested by internal testing data samples in OFF–OFF state.

Figure 8. Model accuracy comparison of S-parameters for the redesigned artificial neural networks inverse models
with the fine model when they are tested by internal testing data samples in ON–ON state.

Figure 9. Model accuracy comparison of S-parameters for the redesigned artificial neural networks inverse models
with the fine model when they are tested by internal testing data samples in ON–OFF state.

8 of 13 A. AOAD, M. SIMSEK AND Z. AYDIN

Copyright © 2015 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2017; 30: e2129
DOI: 10.1002/jnm

 10991204, 2017, 3-4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/jnm

.2129 by A
bdullah G

ul U
niversity, W

iley O
nline L

ibrary on [06/04/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



KNOWLEDGE-BASED RESPONSE CORRECTION METHOD FOR RECONFIGURABLE ANTENNA 9 of 13

 10991204, 2017, 3-4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/jnm

.2129 by A
bdullah G

ul U
niversity, W

iley O
nline L

ibrary on [06/04/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-a
second step correct the results outputted by MLP in the first step. Either exact or closer to the optimum
point of the resonant frequency of the fine (EM) model with different values for return loss are noticed.
The fine (EM) model parameters in OFF–OFF state are shown in Table II.

Although the optimum resonant frequency matched exactly in PKI-D, PKI, and SD models, but dif-
fered in the form of the antenna. This difference depends on the obtained physical parameters. Table V
shows the NMAE results for all models when the switching state of the PIN diodes is set to OFF–OFF,
ON–ON, and ON–OFF, respectively. For all models, the NMAE is computed for the optimum points
of the frequency. The NMAE of the frequency indicates that the optimum points of PKI, PKI-D, and
SD match exactly in the value with the interpolation test frequency points (2.45GHz for OFF–OFF
state and 4.27GHz for ON–ON state). However, left displacement is noticed for the optimum fre-
quency point that is obtained by MLP at 2.36GHz in OFF–OFF state as shown in Figure 7, and right
displacement is also noticed for the MLP output at 4.45GHz in ON–ON state as shown in Figure 8.
According to NMAE rates of the frequency, the accuracy of the prior knowledge-based models is better
than MLP. Moreover, Figure 7 shows that the optimum point of the frequency is 2.45GHz for the fine,
PKI-D, PKI, and SD models, but it is 2.36GHz for MLP. For a target of return loss of S11≤�10 dB, the
bandwidth is approximately 2.75GHz.

The second testing data set is used for the ON–ON state. The evaluation of the results obtained in
this state is similar to the OFF–OFF state.

Furthermore, the bandwidth of ANN inverse models is wider than that of the fine model. For a target
of return loss of S11≤�10 dB, the bandwidth is around 0.65GHz for ANN inverse models, while it is
0.38GHz for the fine model. In addition fopt has a deeper return loss value compared with ANN
models.

In ON–OFF state, the evaluation of the results is not different from the previous states, where
KBNN models still occupied the first accuracy rankings followed by MLP.

Table V demonstrates the NMAE results for the optimum points of the frequency (8.60GHz) and
return loss (�10.92 dB) when the PIN diodes are set to the ON–OFF state. The best match is achieved
by KBNN models, SD followed by PKI and PKI-D models, while the MLP model is the worst model
compared with the others. From Figure 9, it is clearly shown that all S-parameter curves of ANNs
travels from 6.4GHz to 7.85GHz under the fine curve. However, the curve of MLP is above the other
lines at 8.36GHz and �11.61 dB to catches up again at 9.62GHz and �10.92 dB. It is still the farthest
curve from the optimum frequency and return loss values of the fine model.

Therefore, the wider bandwidth is noticed at the fine and KBNN models, which is around 0.8GHz,
while it is around 0.4GHz for MLP model at a return loss of S11≤�10 dB.

From the results presented previously, it is noticed that KBNN models are more reliable and accu-
rate than MLP models in the interpolation region. The antenna can be reconfigured to obtain new
results as well.
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5.2. Extrapolation results

The results given previously were trained on the test sets selected inside the training data set for inter-
polation [19]. In this section, results for external frequency samples are presented. Two external fre-
quency samples were selected to test the ANN models and to find the switching state: 2.5GHz and
5.7GHz. It is important to notice that they are selected in order to test two regions of the frequency
band (Section 2).
Table V. Model accuracy comparison of NMAE values of the optimum points of the frequency for the ANN
models in all states.

State Frequency (GHz) MLP SD PKI PKI-D

OFF–OFF 2.45 0.0353 0.0018 0.0018 0.0018
ON–ON 4.27 0.0432 0.0219 0.0219 0.0219
ON–OFF 8.60 0.0275 0.0042 0.0063 0.0148

NMAE, normalized mean absolute error; ANN, artificial neural network; MLP, multilayer preceptron; SD, source of difference;
PKI, prior knowledge input; PKI-D, prior knowledge input with difference.

Copyright © 2015 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2017; 30: e2129
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Tables VI and VII show that each method has various values for each input variable. In addition to
that, every method operates successfully at different resonant frequencies when only a frequency
sample used for testing the training data. Furthermore, the geometrical parameters obtained from
ANN inverse models were redesigned by EM simulator to give new results as shown in Figures 10
and 11. The obtained values for D1 and D2 show that the switching state of the PIN diodes was
OFF–OFF and ON–ON for external testing data samples of 2.5GHz and 5.7GHz, respectively. Note
that there is no fine model in the extrapolation region that can be used for comparison.

The optimum values of the ANNs outputs are close to the external testing data sample of 2.5GHz,
which is defined by the axis maker in the following figures. It exactly occurs in the middle between the
KBNN and MLP results as shown in Figure 10. This explains why the values of NMAEs are equal to
Figure 10. Model accuracy comparison of S-parameters for the redesigned artificial neural networks inverse
models when they are tested by an external frequency sample of 2.5GHz.

Table VII. A comparison between the results obtained by ANN inverse models with an external testing data
sample of 5.7GHz. The results shown are the physical antenna parameters, optimum frequency point (fopt) and

return loss (RL).

Parameters External MLP SD PKI PKI-D

L1 (cm) — 0.7992 0.7620 0.7689 0.8177
L2 (cm) — 1.8813 2.0200 1.8955 2.0573
L3 (cm) — 1.6943 1.7955 1.6351 1.7543
D1 (Ω) — 6.7048 5.7839 5.2753 3.6356
D2 (Ω) — 6.0619 5.7485 5.4547 2.2511
fopt (GHz) 5.7 5.8182 5.7273 5.8182 5.6364
RL (dB) — �18.80 �21.70 �20.02 �26.42

ANN, artificial neural networks; MLP, multilayer preceptron; SD, source of difference; PKI, prior knowledge input; PKI-D, prior
knowledge input with difference.

Table VI. A comparison between the results obtained by ANN inverse models with an external testing data sample
of 2.5GHz. The results shown are the physical antenna parameters, optimum frequency point (fopt) and return loss

(RL).

Parameters External MLP SD PKI PKI-D

D1 (cm) — 0.8653 0.8083 0.8366 0.8925
L2 (cm) — 1.5871 1.3770 1.6395 1.4334
L3 (cm) — 1.1024 0.6788 1.0694 0.8655
D1(Ω) — 129.8831 128.4598 131.6531 129.9624
D2 (Ω) — 127.7753 130.0089 128.5265 130.8663
fopt (GHz) 2.5 2.5455 2.4545 2.4545 2.4545
RL (dB) — �30.27 �48.97 �37.66 �40.12

ANN, artificial neural networks; MLP, multilayer preceptron; SD, source of difference; PKI, prior knowledge input; PKI-D, prior
knowledge input with difference.

Copyright © 2015 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2017; 30: e2129
DOI: 10.1002/jnm
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Figure 11. Model accuracy comparison of S-parameters for the redesigned artificial neural networks inverse
models when they are tested by an external frequency point of 5.7GHz.
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each other as shown in Table VIII. This means that the output of MLP in the first step is displaced to
the right side of the axis maker and KBNN’s is displaced to the left side by equal amounts. In addition
to the advantages mentioned previously, the bandwidth is around 2.8GHz at a return loss of
S11≤�10 dB for all models. The values of the return loss that are shown on the left of Figure 10 are
the intersection points on the axis maker at 2.5GHz. In addition to the intersected points of the return
loss on the axis maker show the KBNN models have deeper values than MLP. The optimum points of
the return loss are shown in Table VI.

Figure 11 shows that the redesigned reconfigurable antenna with new geometrical dimensions
obtained by ANNs can operate over two resonant frequencies. Notice that both resonant frequencies
operate in the ON–ON region.

The NMAE of the frequency for ANN models differs from one state to the next. SD is the closer to
axis maker at 5.7GHz then comes PKI-D followed by PKI and, lastly, MLP. KBNN models have
deeper return losses as compared with MLP.

Tables IX and X show that either interpolation or extrapolation testing data sets can obtain excellent
results. Specifically, PKI-D and SD methods have lower the return loss values at the optimum points of
the frequency as shown in previous figures. Because the operating region under �10 dB is wide and
Table IX. A comparison between the return loss results at the optimum points of the frequency in all states for
interpolation.

Frequency
(GHz)

Return loss (dB)

EM MLP SD PKI PKI-D

2.45 �57.57 �34.46 �33.36 �38.47 �41.88*
4.27 �47.76 �13.15 �20.54* �15.99 �14.19
8.60 �10.91 �10.20 �10.91* �10.87 �10.68

EM, electromagnetic; MLP, multilayer preceptron; SD, source of difference; PKI, prior knowledge input; PKI-D, prior knowl-
edge input with difference.
*The lower value of return loss.

Table VIII. Model accuracy comparison of NMAE values between the ANN models optimum points of the
frequency and the external frequency points.

Frequency
(GHz)

NMAE

MLP SD PKI PKI-D

2.5 0.0182 0.0182 0.0182 0.0182
5.7 0.0207 0.0048 0.0207 0.0112

NMAE, normalized mean absolute error; MLP, multilayer preceptron; SD, source of difference; PKI, prior knowledge input;
PKI-D, prior knowledge input with difference.

Copyright © 2015 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2017; 30: e2129
DOI: 10.1002/jnm
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Table X. A comparison between the return loss results at the optimum points of the frequency for extrapolation.

Frequency
(GHz)

Return loss (dB)

EM MLP SD PKI PKI-D

2.5 — �29.95 �40.88* �35.69 �36.81
5.7 — �16.75 �20.81 �16.25 �25.06*

EM, electromagnetic; MLP, multilayer preceptron; SD, source of difference; PKI, prior knowledge input; PKI-D, prior knowl-
edge input with difference.
*The lower value of return loss.
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each method has different geometrical parameters, users can use them to design new reconfigurable
antennas.

Curve models and tables are used in this study to depict the optimized physical structures of a
reconfigurable antenna as shown in the cases presented. These cases lead to an optimal reconfigurable
antenna under the conditions elaborated. Results show the advantages of ANN inverse models over the
reconfigurable antennas as follows: (i) Number of neurons used in the hidden layers of KBNN is lower
than MLP; (ii) the output of MLP (coarse model) can be corrected through KBNNs in most cases to be
closer to the fine model; (iii) interpolation and extrapolation testing sets can be used to find an accurate
model; (iv) less training data is applicable; (v) return loss is lower than �10 dB with voltage standing
wave ratio less than 2 (Constatine, 2005), (vi) operating at different frequency bands with wide band-
widths and (vii) switching capability. (viii) The obtained values of the physical dimensions by inverse
ANNs increased or decreased in most models from 20% to 40% compared with the original physical
dimensions of the fine model; while to reach to this result by EM simulation design only, it will be
needed to apply trial-and-error method (Khan & De, Design of Circular/Triangular Patch Microstrip
Antennas using a Single Neutral Model, 2011), which often takes more time to get an exact or approx-
imate result.
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6. CONCLUSION

A KBRC method has been proposed that combines reconfigurable antenna with the power of learning
from ANN inverse models. A detailed study about different states of the reconfigurable antenna is pre-
sented. A comparison between the different ANN methods used to redesign the state of the antenna is
also presented. A new structure for ANNs is developed. This structure consists of two steps, MLP in
the first step followed by KBNNs in the second step. The frequency of the fine model is the input
for the MLP then the results obtained from the first step is corrected by passing through KBNNs in
the second step to set out the physical dimensions of the reconfigurable antenna. These dimensions will
be again redesigned by EM simulator to realize a new form of the reconfigurable antenna. Interpolation
and extrapolation testing data sets were used to test neural network models for various PIN diode
states. It is found that less training data is sufficient in KBRC method. The incorporation of such
knowledge into ANNs is very useful to yield a reliable model when less training data is used. The
achievement of such a low error indicates that trained models are accurate for designing reconfigurable
antennas. In all states, KBNNs outperform MLP in the accuracy measures. The proposed
reconfigurable antenna provides a wide operating range of resonant frequencies such as from
2~3.9GHz in OFF–OFF state, from 4~6GHz in ON–ON state and from 8 to10GHz in ON–OFF
state. Finally, this study may be introduced as a handy tool for marketing the reconfigurable antenna
where the designer gives the required frequency of operation as input, and the KBRC method will give
the geometrical dimensions of the reconfigurable antenna.
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