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Two-order Deep Learning for Generalized Synthesis
of Radiation Patterns for Antenna Arrays

Zhao Zhou, Zhaohui Wei, Jian Ren, Member, IEEE, Yingzeng Yin, Member, IEEE, Gert Frglund Pedersen, Senior
Member, IEEE, and Ming Shen, Senior Member, IEEE

Abstract—This letter tackles the generalized synthesis of
antenna arrays using two-order deep learning. Existing deep
learning-assisted antenna synthesis approaches mainly rely on
model training using electromagnetic (EM) simulation data and
hence feature limited generalization ability and the need for a
huge amount of EM simulations. The proposed two-order deep
learning method uses the first-order model to learn the generic
features of radiation patterns from the data efficiently generated
by applying conventional array factors. After that, the second-
order model learns from EM simulations to capture the detailed
pattern variations due to concrete coupling effects in the case of a
specific array arrangement with different operating frequencies,
radiation structures, and feeding schemes. Therefore the two-
order DL model can predict the radiation patterns of a series
of antenna arrays while reducing the needed amount of EM
simulation data. Implementation was carried out on a series of
patch antenna arrays to verify the feasibility and robustness
of the proposed approach. The validation includes conditions
for the array operating at arbitrary new frequencies, with
modified radiation structures or new feeding schemes. The results
show that the proposed two-order model provides a prediction
accuracy of about 84% for a series of 1 by 4 antenna arrays,
clearly outperforming the existing regular one-order DL model,
which obtains around 65% with the same EM simulation data.
The proposed method reveals a promising direction for applying
deep learning to assist the design and analysis of antenna arrays.

Impact Statement—As the fifth/sixth (5G/6G) generation com-
munication era approaches, radar and other wireless communi-
cation systems have been applied in many different scenarios. The
antenna array is an essential component in these systems. The
thorough analysis of the array under design calls for continuous
monitoring of its radiation performance as a major feature. How-
ever, the conventional array factor-based calculation methods
lack accuracy; the full-wave EM simulation is time-consuming;
the existing deep learning-assisted approaches are single-array-
oriented and have limited generalization ability. Therefore, an
efficient generalized array radiation synthesis method is in
great demand. We propose a wide-array-coverage-oriented deep
learning solution for generalized radiation synthesis to achieve
this. It is accomplished by a two-order deep neural network
that combines the merits of array factor-based calculation and
EM simulation. The two-order model reduces the need for
simulation and improves the generalization ability. The well-
trained model maintains compatibility and functionality for a
series of antenna arrays with similar topology. This approach is
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Fig. 1. Comparison of (a) published regular DL-based method and (b) the
proposed DL-based two-order method for antenna array radiation synthesis.

a good complementary tool to analyze and conveniently examine
the radiation performance of the antenna arrays.

Index Terms—antenna array, deep learning, deep neural net-
work, generalized synthesis, two-order, radiation pattern.

I. INTRODUCTION

EEP learning (DL) has shown the potential to solve

complex, especially non-analytic problems, such as face
or speech recognition and image classification. The DL-based
beyond-5G/6G (beyond-fifth/sixth communication generation)
solutions have significantly inspired both academia and indus-
try, including smart wave management, imperfect channel esti-
mation [1-10], direction-of-arrival estimation [11-13], inverse
scattering [14-20], inverse design of microwave components
[21-23], and array radiation synthesis [24-28].

Wireless communication systems have been widely ap-
plied in many scenarios, such as self-driving vehicles, remote
surgery, home automation, indoor localization, etc. [29]. Wire-
less communication systems rely on a well-behaved antenna
array. In the design and analysis of antenna arrays, the array ra-
diation is a core indicator. To constantly monitor this indicator,
the whole analysis process will witness repetitive procedures
of array radiation synthesis. Thus, a convenient generalized
array synthesis method is required. A traditional way is to
calculate radiation with the element radiation pattern and
excitation condition based on the array factor. It is convenient
and computationally low cost, yet inaccurate to describe non-
ideal array characteristics such as coupling effects, which can
hardly be generalized with closed-loop expressions. Thus, the
oriented array must be modeled and simulated via EM simula-
tion software to synthesize its radiation pattern. EM simulation
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provides high accuracy by paying a high computation cost. On
the one hand, the computation complexity might be tolerable
for small-scale antenna arrays but is sometimes tricky to
handle with ordinary hardware when it comes to large-scale
antenna arrays.

On the other hand, its computation is non-reusable because
any tiny modification to the structure could void the existing
results and require a new simulation. In general, it could take
many changes to reach an optimal design, and thus often, many
simulation iterations are needed. In this way, deep learning
may help significantly accelerate the whole design process by
re-using the former simulation results. After being trained with
the former simulation results, deep neural networks can predict
the future array’s radiation patterns at a low computation cost.

Radial basis function neural networks were employed in
[24] to estimate the directivity for linear dipole arrays. Sim-
ilarly, the authors in [25] used a multibranch ANN to solve
the inverse problem of the antenna array directivity. However,
in most cases, we need more detailed information on the
whole array radiation pattern to evaluate beamwidth, sidelobe
suppression, etc.

The authors of [26-28] managed to apply deep learning for
radiation synthesis, where [26] presented a neural network-
based (NN) method capable of establishing a relation between
input voltages for all elements and radiation patterns of the
target array. The NN they used as a black box considered the
interference between elements and possible obstacles position-
ing within the radiating area. The solution published in [27]
focused on the mutual coupling between antenna elements. NN
was proven able to exploit the hidden principle of radiation
to predict the voltages needed to generate given radiation
patterns. Instead of NN, [28] investigated the possibility of
applying a deep neural network (DNN) for antenna array
radiation synthesis. All the three methods from [26-28] can
imitate the mapping between the excitation conditions and the
antenna arrays’ radiation patterns. However, as illustrated in
Fig. 1(a), they are single-array-oriented methods; the well-
trained models can only exclusively serve for one specific
antenna array. That means every array calls for an exclusive
model, and we need to perform the whole process of model
generation for each array. For the sake of higher efficiency,
generalized synthesis methods are in great demand, which
is precisely the motivation for us to develop a wide-array-
coverage-oriented generalized synthesis method.

This letter proposes a wide-array-coverage-oriented deep
learning solution for the generalized antenna array radiation
synthesis. We have two main contributions: 1) compared to the
regular model only serving for one exclusive array, the pro-
posed two-order model inspired by electromagnetic theory can
offer generalized radiation synthesis for a series of antenna ar-
rays once being trained with several array samples, as demon-
strated in Fig. 1; 2) unlike most existing deep learning methods
heavily relying on simulation, we significantly alleviate the
burden on simulation by taking advantage of well-established
array factors [30]. As the name suggests, the two-order model
incorporates a two-order training process. In advance, we train
a conventional fully-connected deep neural network to grab
the generic radiation patterns of a group of target antenna

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

arrays, with massive theoretical data handily collected via
array factors. The model is then elevated into a two-order
model and trained using EM simulation data to improve the
accuracy for customized array designs. Thus, the first-order
model can learn the basic features of radiation synthesis. The
second-order model can then capture the detailed radiation
variations due to concrete coupling effects in the customized
arrays: specific array arrangements with different operating
frequencies, radiation structures, and feeding schemes. We
verified the proposed method’s feasibility, performance, and
robustness by implementing a series of patch antenna arrays.
The experiment took five 1 by 4 coaxial-fed patch antenna
arrays with elements matched to different levels at different
frequencies as source samples. The output model achieves
an accuracy of around 84 % defined in section III-B, while
the regular model reaches only 65%. Also, compared to
the regular model only serving for one single target array,
the two-order model can cover a series of arbitrary 1 by 4
antenna arrays with similar topology: other coaxial-fed patch
antenna arrays at new frequencies, coaxial-fed stacked patch
antenna arrays, or coupling-fed patch antenna arrays at arbi-
trary frequencies. The proposed method can be a competitive
alternative tool for designing and analyzing antenna arrays due
to its merits of high generalized synthesis capability and low
computation cost.

The content is arranged as follows. Section II demonstrates
the principle and the workflow of the presented method in
detail, followed by instruction and discussion of the implemen-
tation on patch antenna arrays in section III. The conclusion
is drawn in section IV.

II. TWO-ORDER DL-BASED METHOD
A. Workflow

The workflow of the regular DL-based method and the
proposed two-order method are illustrated and compared in
Fig. 2. As seen in Fig. 2(a), the conventional DL methods
often target one single array and feature at direct rough training
with the array excitation conditions and the simulated array
radiation of the target sample. Consequently, a demanding
simulation workload is obliged to yield the regular models; the
standard models are poorly generalized and only applicable to
a single target array.

The major improvement of our method is to include several
arrays as training samples and propose a two-order training
method to arrive at a highly generalized two-order model.
Several typical arrays instead of a single target array as training
samples ensure a supply of more informative, representative,
and diverse array synthesis knowledge. This richer knowledge,
of course, upgrades the complexity of learning. For this
reason, the two-order learning strategy is proposed as shown
in Fig. 2(b).

Inspired and theoretically supported by the conventional
EM knowledge, we degrade the complicated learning object
to two unmixed tasks: grasping the generic characteristics of
radiation synthesis; capturing the detailed radiation variations.
The general rules of radiation synthesis hide behind the
array factor. Accordingly, to start with, we collect sufficient



This article has been accepted for publication in IEEE Transactions on Artificial Intelligence. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TAI.2022.3192505

ZHAO ZHOU et al.: TWO-ORDER DEEP LEARNING FOR GENERALIZED SYNTHESIS OF RADIATION PATTERNS FOR ANTENNA ARRAYS

Single training sample Regular model training

Single target array

Input : array excitation (E)

Simulation Training

Antenna array 1

Output : array radiation (Rsim)

(@)

Several training samples

Two-order model training

\

Prediction

Antenna array 1

v/ Wide target array coverage

V pata processing [ |nnut1 ; array excitation (E) Inputd : E” \ r )
Input2 : element radiation (Re) Input2 : R,
leulation (array factor Firstorder training |75 | ooce,
Antenna array 1 Galctlatopl(array/actor) st-0 k er training model e 'a y
T Output : array radiation (Rear) }— Feature Output : Rl :
. . Prediction.
— _moqﬁ- = Antenna array N
Inputl : array excitation (E) ication Inputl : E (N>>n)
With tonology A Input2 : element radiation (R.) Input2 : R, With topology A*
pology Simulation Second-order training Two-order (Ac A%
‘\H Output : array radiation (Run) }—| Output : Ry model

(b)

Fig. 2. The principle diagram of (a) regular method and (b) the proposed two-order method.

theoretical data by applying the array factor to train a first-
order model. After that, we simulate several customized arrays
to gather the complete variated radiation. A two-order model
is elevated based on the well-trained first-order model to
focus on learning the radiation variances during the second
order. Under the first-order model, the two-order model can
quickly capture the personalized radiation variations caused
by substantial coupling effects in the customized arrays.

Overall, the two-order learning strategy significantly alle-
viates the burden on simulation and renders the final two-
order model with higher generalization ability. As illustrated
in Fig. 2(b), its workflow contains three main procedures:
data processing, first-order training, and second-order training,
which will be demonstrated in detail below.

B. Data Processing

For radiation synthesis of a series of antenna arrays with
similar topology, only a limited number of different antenna
arrays need to be taken along with their elements as source
samples for training. These source samples, utilizing a specific
array arrangement, radiation structure, and feeding scheme,
work at different frequencies and are matched to different
levels to represent most of the target arrays adequately. These
source samples then need to go through a calculation based
on well-established array factors [30] to collect data for the
first-order training and EM simulation for the second-order
model.

The data sets for training either model consist of given
excitation signals and element radiation patterns as input, and
corresponding array radiation patterns as the output label. The
only difference is that the calculation carries only the array
factor, as seen in Fig. 2(b). The data for training the first-order
model contains only generic features related to array factors. In
contrast, the data for the second order considers the detailed
radiation variations due to concrete coupling effects in the
case of a specific array arrangement with different operating
frequencies, radiation structures, and feeding schemes. The
data from calculation or simulation need to be modified to
highlight the features, facilitating the following training. The
modification of the excitation signals and radiation patterns
differs since they have different physical meanings and data
characteristics.

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

For each set of excitation signals (E), a standard definition
is n amplitudes (/) and phases («):

E = [Il,...7In,Ck17.. (1)

where n is the number of ports, I could be any non-negative
value, and a may range from 0° to 360°. So, E can have
large values and a large positive mean. However, neural
networks prefer small values and a zero mean to ensure
advanced stability. Thus, E should better be transformed into
the complex format by applying Euler’s formula, as expressed
in:

o Q)

E* = [Re(Ie?), Im(Ie?®)]
= [[I1 cos a1, Iz cos ag, ..., I, cos a,]

2

After transformation, the mean value for excitation (E*)
would be close to zero, and then, after normalization, its
magnitude value would be between 0 and 1.

We only take the radiation pattern in one elevation plane
where the elements are aligned since it dominates in the linear
array. More elevational or azimuthal radiations can be added
in case detailed performance matters. The radiation values are
usually in decibel format (dB). The decibel format visually
shows more precise details within the whole range than the
linear format since the proportion of maximum and minimum
values is smaller in the decibel format. However, in practice,
the values within the main lobe have higher priority than
others. Thus, it is better to use linear data to train the model
to achieve higher performance within the main lobe. Then,
after normalization, the values out of the main lobe would
significantly approach zero, and the rest be small positives.

After these modifications, the data sets emphasized their
features and are now ready for training. If not explicitly noted,
all the following data sets from now on refer to the modified
data sets.

[I1 sin g, Ir sin ag, ..., I, sin ay,]].

C. First-order Training

During training, the first step is using the calculation data to
learn the generic features of radiation synthesis. As mentioned
above, the data sets for the first-order model are array radiation
patterns calculated from the array factor along with given



This article has been accepted for publication in IEEE Transactions on Artificial Intelligence. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TAI.2022.3192505

JOURNAL OF IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE, VOL. 00, NO. 0, MONTH 2020

Input
Re (E*) : [11€0S a1, 1,€08 0, ..., 1,COS an ] 1M (E*) : [ Iysinay, 1sinay, ..., lysinay ]
Re* 1 [[Re* (91, 01), ... Re* (01, 0360) 1, ... [ Re* (0360, 01), ..., Re* (@360, B360) 11

= >

The first-order model (optimizer: Adam)
‘ Input layer (activation: ReLU) ‘

‘ Dense layer x (activation: ReLU) ‘

‘ Output layer (activation: Linear) ‘

Output
(Rcal* (L[ Rea* (91, 01), -, Rea™ (91, 0350) 1, -, [ Rear™ (@360, 61), ..., Rear® (9360, O30 1 ])
 ————————————————veeT )

Fig. 3. The principle diagram of the first-order model.

excitation signals and element radiation patterns. Noted that
modified array factor or other available formulas can also be
applied if adaptive or customized performance is required.
For each data set, a set of excitation signals and the element
radiation patterns are taken as input; the corresponding calcu-
lated array radiation pattern is as output label. Numerically,
each input contains two 1 by n (n is the number of elements)
vectors for real and imaginary parts of excitation and another
vector for element radiation pattern. At the same time, each
output is a similar vector for the array radiation patterns.
The vector for either element or array radiation pattern can
be one-dimensional in the case of the linear array and two-
dimensional for the planar array.

With sufficient processed calculation data, a fully-connected
DNN, as shown in Fig. 3, is employed to learn the generic
features of radiation synthesis. The basic architecture of the
first-order model consists of an input layer, an output layer,
and several Dense layers as the hidden layers. For optimal per-
formance, possible adjustments include the number of layers,
each layer’s size and activation function, the optimizer, and
other available techniques. Here, the adaptive moment estimate
(Adam) is recommended as an optimizer. Adam proposed in
[31] combines the advantages of AdaGrad [32] and RMSProp
[33] and is well-suited to optimization problems with high-
dimensional parameter spaces:

Initialize : B1, B2, «, €, go, Go, G%, 3)
Gradient : g; =VY; = VF(wl |- X +b;_1), 4)
Lggmoment : G =[B1 - Gi_1 + (1 — B1) - ] /(1 — B1), (5)
2namoment :Gi=[fy - G7_y + (1= B2) - g7]/(1 — 55),(6)

Update : w; =w;—1 —a-Gi/(1/G? +e). (7

Rectified Linear Unit (ReLU) [34] is taken as activation for
each layer, except Linear for the last layer. We choose ReLU
because our expected output, the radiation strength, should be
positive and continuous float values. At the same time, ReLU
is exactly defined as the positive part of its argument:

F(X) = Maz(0, w” - X +b). (8)

Also, ReLU can alleviate vanishing gradient problems. After
training using appropriate architecture and techniques, the
well-trained first-order model holds the generic radiation syn-
thesis features.
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Fig. 4. The principle diagram of the final two-order model.

D. Second-order Training

With the well-trained first-order model as a basis, a two-
order model is built to further capture the detailed radiation
variations due to coupling effects in the case of specific array
arrangements with different operating frequencies, radiation
structures, and feeding schemes. To summarize, its rough
principle is to extract the coupling effects, then compress and
integrate them into the original excitation signals, marked as
coupled excitation signals, and, at last, feed them along with
the element radiation patterns into the well-trained first-order
model. Since the well-trained first-order model has already
acquired the generic features of radiation synthesis, the final
two-order model can better capture the detailed radiation
variations due to substantial coupling effects. The absolute
architecture of the two-order model is exhibited in Fig. 4,
where sharp rectangles represent structures of the model, and
rounded ones hold the input, intermediate, or output data.

In practice, as seen in Fig. 4, the extraction and compression
of the coupling effects are accomplished by using two separate
DNNs with similar architectures: an input layer, an output
layer, and several Dense layers as the hidden layers. As for
the optimizer and activation function, the consideration is the
same as what we discussed for the first-order model since
these two-order models share the same final goal: Adam is
again utilized as the optimizer; ReLU is taken as the activation
function.

These two DNNs manage to reveal and compress the
coupling information behind the input——the excitation signals
(E™) and the element radiation patterns (R})——into two n by
n vectors, standing for the real (Re(C)) and imaginary (Im(C))
parts of an assumed complex coupling factor (C), respectively.
The size of the coupling factor being confined as n by n is
supported by a reasonable assumption that, given any certain
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excitation condition, the coupling effect between every two
elements can be approximately transferred and generalized
into a complex port-to-port coefficient. For example, the two
values at row i and column j of Re(C) and Im(C) together
evaluate the coupling influence of element i on element j and
vice versa.

The two DNNs are then followed with Dot layer, Add layer,
and Subtract layer as shown in Fig. 4. These operation layers
are employed to execute the complex multiplication of E*
and C. This step is to integrate the extracted coupling factor
into the original excitation signals, forming so-called coupled
excitation signals. The actual multiplication here is divided
into several separate operations on their real and imaginary
vectors (Re(E*), Im(E*), Re(C), Im(C)).

Finally, the well-trained first-order model is attached to the
posterior end of the whole architecture. The coupled excitation
signals yielded from the afore-mentioned operation layers,
along with the element radiation patterns, are fed into the
well-trained first-order model for the second-order training.
The actual radiation patterns from simulation or measurement
results are used as label data. For simulation, we set up the
array in the virtual EM environment supported by Computer
Simulation Technology (CST) Studio Suite® and then proceed
with its frequency domain solver to yield the data. Since
the well-trained first-order model has mastered the generic
features of radiation synthesis in advance, it is easier for
the second-order training to capture the detailed radiation
variations, probably leading to high generalization ability,
performance, and robustness.

ITII. IMPLEMENTATION ON PATCH ANTENNA ARRAYS

We validated the proposed two-order method’s feasibility,
high generalization ability, and performance on a series of
patch antenna arrays. Expressly, five 1 by 4 coaxial-fed patch
antenna arrays at different frequencies, along with their ele-
ments, are set as training samples. (We use a 1 by 4 patch
antenna array as the test vehicle for no particular reason, con-
sider it an example to testify our method.) The final two-order
model was proven superior to the regular deep learning model
and capable of generalized synthesis of radiation patterns of a
series of 1 by 4 arrays, including coaxial-fed patch antennas
at other different frequencies and stacked patch antennas and
coupling-fed patch antennas at arbitrary frequencies.

Next, we will demonstrate the training process, including
data processing, the first and second-order training, a compar-
ison with the regular deep learning model, and the verification
of three cases.

A. Data Processing

We simulated five coaxial-fed patch antennas well-matched
at different frequencies via CST to collect their element
radiation patterns. And they made up five 1 by 4 arrays at
around half-wavelength distance. Fig. 5 shows the structure of
the element and array. The parameters and characteristics in all
five cases are listed in Table I. Then, each array went through
pattern multiplication based on the array factors to generate
10000 sets of array radiation patterns for the first-order model,
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Fig. 5. The structures of the source samples. (a) Element. (b) Array.
(*Note: The substrate used FR-4 with an €, of 4.4 and a thickness of 1 mm.)
TABLE I
THE PARAMETERS AND CHARACTERISTICS OF SOURCE SAMPLE
ELEMENTS
Sample  Freq. Parameters (mm) S11 Gain HPBW
No. (GHz) gl px py df (dB) (dBi) (deg)
1 0.95 150 83.9 75.2 12 —148 675 94.3
2 1.94 75 40.8 36.5 7.5 —226  6.68 95.3
3 2.96 50 24.1 24 4 —159 6.6 96.3
4 4 37.5 17.8 17.7 2.7 —142 6.53 97.1
5 4.94 30 17.5 14.1 1.9 —349  6.62 93.8
(*Note:  Freq. means the operating frequency;

HPBW means half-power beamwidth;
S11s, Gains, and HPBWs are at the operating frequency.)

with various excitation conditions——the amplitudes varied
from O to 1.5 at a step of 0.5 and the phases from 0° to
180° at a step of 20° given. Likewise, it underwent simulation
via CST to collect 5000 sets for training the second model.
There were 50000 sets for the first order and 25000 sets for
the second order. It is worth mentioning that the calculation
data outnumbers the simulation data because the calculation
takes much less time. It took just 1 minute to collect the 50000
sets of calculation data and roughly 108 hours and 20 minutes
to collect 25000 sets of simulation data for the second-order
model. The amounts of data sets for the first and second orders
are negotiable. In general, more data sets probably lead to
higher accuracy. Thus, the portions here mainly depend on the
tolerance range of accuracy. Then, as demonstrated in section
II-B, we modified the collected raw data sets to highlight
the features before training. The data set for each excitation
condition was two 1 by 4 vectors, and each radiation pattern
of either the element or array was 1 by 360. Thus, each input
was two 1 by 4 vectors along with one 1 by 360 vector, and
the output was one 1 by 360 vector for either the first or the
second-order model training.

B. First-order Training

Within the 50000 sets of calculated array radiation patterns,
we took 70 %, 35000 sets as output labels, their corresponding
excitation conditions and element radiation patterns as input
for the first-order training, and the rest 30 % data for testing.
After careful adjustment, the first-order model was fixed, as
illustrated in Fig. 6. In practice, this model had four hidden
layers, holding 750, 550, 1550, and 1350 neurons, respectively.
Fig. 8(a) shows the accuracy during training and testing. The
accuracy reached 90.20% during training and 89.61% for
testing.

Note that the accuracy mentioned in this article is the
proportion of the radiation pattern values where the difference
between prediction and simulation meets the predefined crite-
ria, no more than 0.5 dB for positive values and 1 dB negative
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The first-order model (optimizer: Adam)

Input layer (368, activation: ReLU)

Dense layer 1 (750, activation: ReL.U)

Dense layer 3 (1550, activation: ReLU)
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Output layer (360, activation: Linear)
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x10000 x5

Fig. 6. The instance structure of the first-order model in this case.

ones. Thus, although the accuracy may not seem that high, a
good agreement has been achieved, verified, and observed in
the following comparison between simulation and prediction
results.

C. Second-order Training

Similarly, we took 70 %, 17500 sets of the simulated array
radiation patterns as output labels, along with their related
excitation conditions and element radiation patterns as input
for the second-order training and the rest for testing. With the
well-trained first-order model from section III-B as a basis,
the final two-order model was built and shown in Fig. 7.
In the final model, the sub-models to predict the real and
imaginary parts of the assumed coupling factor share the same
architecture, also four hidden layers with 750, 700, 1150, and
1600 neurons.

The accuracy of the final two-order model is shown in
Fig. 8(b), which shares the exact definition from section III-B.
The final model showed its optimal performance with an
accuracy of 84.57 % during training and 83.52 % for testing.
One might notice that the accuracy of the final model is lower
than that of the first-order model by around 12 %, which is
reasonable as the second-order training use much fewer data
sets than the first order. But again, the achieved accuracy is
considered high according to its definition.

D. Verification

The two-order model for radiation synthesis of a series of
1 by 4 patch antenna arrays has been obtained. It was then
applied to other 1 by 4 patch antenna arrays than the source
samples to verify its performance and robustness. The cases
for verification take into account the most typical variations
in array designs, like operating frequency, radiator structure,
and feeding scheme. In practice, we arbitrarily chose a 1 by 4
coaxial-fed patch antenna array at 3.48 GHz, a 1 by 4 stacked
patch antenna array at around 1.5 GHz, and a 1 by 4 coupling-
fed patch antenna array at 2.41 GHz for the validation. Also,
we validated our model with a published microstrip antenna
from [35]; for experimental validation, the proposed method
was testified on an antenna array prototype from our published
work in [36].
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Fig. 7. The instance structure of the second-order model in this case.
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Fig. 8. The accuracy of (a) the first-order and (b) the second-order model.

TABLE 11
THE PARAMETERS AND CHARACTERISTICS OF ELEMENT IN CASE I

Freq. Parameters (mm) S11 Gain HPBW
(GHz) gl DX by df (dB) (dBi) (deg)
3.48 42.8 20.5 20.4 32 —144 656 96.3

1) Case I: The first case is a 1 by 4 coaxial-fed patch
antenna array working at 3.48 GHz. It has the same structure
as the source samples shown in Fig. 5. The fixed parameters
and basic characteristics of its elements are listed in Table II.
With its element radiation pattern and an arbitrary excitation
condition fed into the model, the model was proven to give the
predicted array radiation pattern that matches perfectly with
the simulation result. Fig. 9 shows the calculated, simulated,
and predicted array radiation patterns given one certain random
excitation condition listed beside.

Note that the predicted radiation pattern output from the
two-order model is initially in the linear format as we used
linear data for training. The prediction is transformed into
decibel format to compare with simulation and calculation. A
noticeable difference between the simulation and calculation
can be observed. The prediction result can ideally correct this
difference and agree with the simulation.
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Fig. 9. A comparison between the calculated, simulated, and predicted array
radiation patterns given a certain excitation condition in case I.
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Fig. 10. The structure of the stacked patch antenna for verification in case
II. (a) Radiation element. (b) 1 by 4 array.

(*Note: The substrate1&2 used FR-4 with an ¢, of 4.4 and a thickness of 1
mm.)

TABLE III
THE PARAMETERS AND CHARACTERISTICS OF ELEMENT IN CASE II

Freq. Parameters (mm) S11 Gain HPBW
(GHz) gl pxl pyl  px2 py2 df (dB) (dBi) (deg)
1.47 100 49 46 50 48 1.6 —11.3 6.56 95.3
1.54 100 49 46 50 48 1.6 —224 6.68 92.8
20 20
% Calculation % Caleulation
Simulati Simulation
10 prdioion | 1 o predion
3 o % 2 o
= & =
=] X y = -
& -1op ™ | g0 » )
clement 12 3 4 clement< | 2 3 4
-20 amplitude 0 0.5 1.0 1.0 207 Splitude 10 05 05 0
phase 100° 100° 20° 100° phase  160° 120° 20° 140°
60 120 180 240 300 360 60 120 180 240 300 360
Theta (deg) Theta (deg)
(a) (b)
Fig. 11. A comparison between the calculated, simulated, and predicted

stacked patch array radiation patterns given a certain excitation conditions in
case II at (a) 1.47 GHz and (b) 1.54 GHz.

2) Case II: The second case is a 1 by 4 stacked patch
antenna array working around 1.5 GHz to test its robustness
in terms of radiator structure. It uses a two-layer patch as its
radiator, which is widely applied in patch antenna designs to
expand its bandwidth, and it is exhibited in Fig. 10. Since
the two-layer patch antenna can resonate at two frequencies,
Table III shows the element’s parameters and characteristics
at their two operating frequencies, 1.47 GHz and 1.53 GHz.
And the results for radiation synthesis at both frequencies
are presented in Fig. 11. At both frequencies, the predictions
match pretty well with the simulations when excited by the
random excitation signals and outperform the calculations.

3) Case III: In this case, we took a 1 by 4 coupling-
fed patch antenna array working at 2.41 GHz to prove its
compatibility with feeding techniques. Here, the patch is
coupling-fed by an L-shaped strip instead of directly fed by a
coaxial cable. This coupling-fed approach is a common alter-
native feeding way for bandwidth enhancement. Its structure,
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Fig. 12.  The structure of the coupling-fed patch antenna in case III. (a)
Element. (b) Array.

(*Note: The substrate1&2 used FR-4 with an €, of 4.4 and a thickness of 1
mm.)

TABLE IV
THE PARAMETERS AND CHARACTERISTICS OF ELEMENT IN CASE III

Freq. Parameters (mm) S11 Gain HPBW
(GHz) gl px py wf If df  (dB)  (dBi)  (deg)
241 60 28.8 288 15 14 1 —183 643 98.4
20
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—20 amplitude] 0.5 0.5 0 1.0
phase 140° 140° 80° 40°
60 120 180 240 300 360
Theta (deg)

Fig. 13. A comparison between the calculated, simulated, and predicted
coupling-fed array radiation patterns given certain excitation conditions in
case III.
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Fig. 14. The structure of the dielectric-covered patch antenna in case IV:

(a)top view and (b) side view of the Element; (c) top view of the array; (d)
coefficients table.

parameters, and characteristics can be found in Fig. 12 and
Table IV, respectively. And also, Fig. 13 shows one of the
verification results. Generally, a high matching level between
the prediction and simulation can be observed, proving that
the model works well even with modified feeding techniques.

4) Case 1V: We validated our two-order model on a pub-
lished microstrip antenna from [35]. It is a classical coaxial-
fed microstrip antenna covered with an extra dielectric layer
to prevent environmental influences, as seen in Fig. 14. The
dielectric layer can also affect the antenna’s EM performance
by lowering the resonate frequency. According to the coeffi-
cients provided in [35], we set up the antenna element and the
corresponding array in CST to collect the required simulation
data. Then we utilized our model to predict its array radiation.
The comparison result is exhibited in Fig. 15. We can observe
that the predicted radiation agrees well with the simulation
radiation.

5) Experimental validation: For experimental validation,
we proceeded with the proposed method on an antenna array
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Fig. 15. A comparison between the calculated, simulated, and predicted

coupling-fed array radiation patterns given certain excitation conditions in
case IV.
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Fig. 16. (a) Experimental setup. (b) A comparison between the calculated,
simulated, measured, and predicted coupling-fed array radiation patterns given
certain excitation conditions in experimental validation.

TABLE V
THE COMPARISON OF TIME CONSUMPTION OF REGULAR METHOD AND
THE PROPOSED TWO-ORDER METHOD

Target Training Time

arrays samples Cal. data  Sim. data Training In total
Pro. N n(=5) Imx5 21h40m x5 (18m+16m)x5  21h31mXx5
Reg. N N e 43h20mxN  TmxXN 43h27mXxN

(*Note: Usually N>>n;
Pro. represents the proposed two-order method;
Reg. represents the regular method.)

prototype from our previous work [36]. We have the array
prototype measured using a SATIMO multi/probe spherical
near-field system. The antenna prototype was initially designed
as a slant dual-polarization corresponding to two ports. During
the experiment, we fed identical signals to each pair of ports
to make it operate in the patch mode. Fig. 16 compares
its calculation, simulation, measurement, and prediction array
radiation on an arbitrary excitation state. The prediction here
is based on measured element radiation. It is safe to say that
the prediction radiation approximately equals the experimental
result despite a bit of variance of less than 3 dB outside the
main lobe.

We have far tested the well-trained two-order model in five
cases and verified its high generalization ability, performance,
and robustness.

E. Comparison and discussion

To quantify our improvement over the existing regular deep
learning synthesis methods [26-28], we compare the proposed
model to the typical model, as shown in Fig. 17, regarding
the accuracy and the total time consumption. Fig. 18 exhibits
their accuracy when being trained with one array sample;
Table V lists the detailed time consumption over their training
process. Our quantitative advantages can be summed up in
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Fig. 18. The accuracy of regular model and the proposed two-order model.
three aspects. For one thing, we cut down nearly half of the
simulation needed to tackle each training sample. It turns
out that, with 5000 sets of simulation data per sample, the
traditional method can only reach an accuracy up to 65 %. In
contrast, the proposed two-order method realizes about 84 %.
The standard method requires double the amount (10000 sets)
of simulation to achieve the same level of accuracy (around
83 %). Therefore, our method saves nearly half of simulation
time for each training sample, which means a lot since the
simulation occupies over 99 % of time for the regular model.
For the second point, we significantly reduce the number of
training samples needed for covering the exact scaled N target
arrays, thereby freeing a huge amount (Nn) of simulation
workload. The last merit is that after a once two-order training
process, the two-order model of high generalization ability can
solve N target arrays’ synthesis problem once and for all. In
contrast, the traditional methods have to repetitively produce
N models for different target arrays. Here, N depends on
the training samples’ informativeness, representativeness, and
diversity. N can hardly be quantified because the generalized
two-order model covers a continuous target array space rather
than one single target array like the traditional methods do.
Thus, the proposed two-order approach takes much less time to
provide a more generalized synthesis solution than the existing
regular methods.

This framework can also be expected to outperform tra-
ditional methods in the case of the planar array. The main
difference is that the planar array must consider radiations
over at least two elevation planes instead of one for the linear
array. Therefore, we must adopt an advanced feature extraction
scheme to compress the complex data. Accordingly, the size
of data and the number of hidden layers and neurons should
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increase.

IV. CONCLUSION

This letter proposed a two-order deep learning method to
generalize radiation synthesis of a series of antenna arrays
with similar topology. This method uses the well-established
array factor to learn the generic features of radiation synthesis
using the first order. Then the second order focuses on further
capturing the detailed radiation variations caused by concrete
coupling effects in the case of a specific array arrangement
with different operating frequencies, radiation structures, and
feeding schemes. Compared with most published deep learn-
ing methods, this method has higher generalization ability,
performance, and robustness, which has been testified with
an implementation on a series of patch antenna arrays. The
two-order model can synthesize a series of 1 by 4 patch
antenna arrays with different operating frequencies, radiation
structures, and feeding schemes at an accuracy of around
84 %. In beyond-5G/6G scenarios where multiple antenna
arrays co-exist in each single base station, we can utilize
the proposed model to conveniently monitor all the arrays’
radiation patterns.
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