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Fully Automated Inside Body WDT Transmitter

Design and Optimization through Artificial
Intelligence-based GANs and DNNs

Lida Kouhalvandi

Abstract—Biomedical inside body wireless data transfer
(WDT) interface includes the design of power amplifiers (PAs)
with implantable antenna leading to operate concurrently. Hence,
active and passive devices are utilized simultaneously for which
the accurate starting points for designing these high dimensional
devices is critical. From another point of view, accelerating
the design and optimization process is another substantial issue
that must be considered effectively. In this study, we propose
a methodology that includes two optimization phases that are
applied sequentially. In the first phase, the PA is designed and
optimized by employing a generative adversarial network (GAN)
for predicting the load-pull contours on the Smith chart and
using a long short-term memory (LSTM)-based deep neural
network (DNN) for achieving the optimal design parameters of
the biomedical amplifier. In this step, the GAN leads to predicting
the optimal impedances needed to construct the initial structure
of PA through a simplified real frequency technique. In the
second optimization phase, the initial structure of the biomedical
antenna is constructed automatically by developing a visual basic
(VBA) environment, then like the PA, the design parameters
of the antenna are optimized through the LSTM-based DNN.
Finally, another GAN is generated for predicting the radiation
patterns of the antenna. In both phases, a multi-objective ant lion
optimizer (MOALO) is employed in the output layer of DNNs for
optimizing various outcome specifications. The proposed method
is performed fully automatically: active and passive devices are
designed and optimized with the help of GANs and DNNs in
which the drawback of heavy reliance of the system performance
on the designer’s experience is solved in a fast way. The proposed
method is validated by designing and optimizing a biomedical PA
with an antenna working at the center frequency of 2.45 GHz
which shows reliable outcomes.

Index Terms—Biomedical, deep neural network (DNN), inside
body wireless data transfer (WDT), generative adversarial net-
work (GAN), multi-objective optimization.

I. INTRODUCTION

Continuous monitoring of vital signs can greatly benefit
biomedical implants for which semiconductor technology is
helping to improve the overall performance [1], [2]]. Hence, im-
plantable medical devices are developing exponentially leading
to diagnosing, treating, and monitoring diseases and patients
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[3]. The wireless data transfer (WDT) interface for biomedical
applications includes both active devices (i.e., power amplifiers
(PAs)) and also passive devices (i.e., antennas). For the active
devices, the executed transistor’s performance information is
obtained through nonlinear and/or load-pull measurements [4].
Practical assessments for many impedance points is a challeng-
ing task; hence, engineers make use of software-based non-
linear device models [3f]. For passive devices, electromagnetic
(EM) modeling is typically based on the designer’s experience
which requires enormous manual work [6].

Recently, the machine learning (ML) technique has demon-
strated [7]-[|10]] its effectiveness in biomedical wireless sys-
tems [11], [12] and it has proven its worth in substantially
reducing the design workload with acceptable accuracy per-
formance [13]], [14]] for high-dimensional radio frequency
designs. Typically, the appropriate outcomes are obtained by
separating the system into diverse designs [[15]], similar to
domain decomposition, here thought to be at the component
level. By studying the very recent publications from [1] to
[6] and [16]—[19], it is observed that the concept proposed
here is missing. In this study we employ various neural
networks for designing and optimizing the biomedical am-
plifier and antenna, sequentially in an automated environment
(generated between an electronic design automation (EDA)
tool and numerical analyzer). In the design of a biomedical
amplifier, firstly the generative adversarial network (GAN) is
employed for predicting an entire set of Smith chart load-pull
contours. Afterward, the extrapolated optimal gate and drain
impedances are inserted into the simplified real frequency
technique (SRFT) for obtaining the initial structure of PA
[20]. Later, the long short-term memory (LSTM)-based deep
neural network (DNN) is trained and constructed in which
the multi-objective ant lion optimizer (MOALO) [21[]—[23]
is executed. The constructed DNN is targeted to optimize
the PA in terms of S-parameter (S11), drain efficiency (np),
output power (Fp,:), power gain (Gp), and amplitude-to-
phase modulation (AM/PM) specifications where the input
specification of LSTM-based DNN are width (W) and length
(L) of transmission lines (TLs) the antenna is built of. In the
second phase, the initial structure of the biomedical antenna is
constructed automatically by the combination of visual basic
(VBA) environment in the CST software and also numerical
analyzer as MATLAB. Afterward, the biomedical antenna
is optimized by training the LSTM-based DNN leading to
optimize the biomedical antenna in terms of S;; where
like the PA the input specifications are "W’ and 'L’ of the
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biomedical antenna with the feeding position (x,y), by the
help of MOALO algorithm implementation. The second GAN
network is trained for the biomedical antenna leading to the
prediction of the E-plane and H-plane radiation pattern (RP)
specifications for the whole bandwidth for diverse frequencies.
All the optimization processes (i.e., including biomedical PA
and antenna designs) are executed in a fully automated envi-
ronment without any manual interruptions leading to: i) the
construction of the initial configurations of active and passive
devices with ii) optimizing the output specifications through
diverse neural networks such as GANs and LSTM-based
DNNS . This approach results in reducing the computation time
sufficiently.

II. MODELING METHODOLOGY

The inside body WDT transmitter includes PA as an active
device and antenna as a passive device, sequentially. Hence,
this section is devoted to presenting the proposed methodology
for designing and optimizing these high-dimensional circuits
in terms of included design parameters. Here, two different
network types GAN and LSTM-based DNN are employed.
In both the design and optimization of PA with antenna, the
GANSs (as the image completion process [24]) are used for
predicting data that is based on the counters. The LSTM-based
DNNs [25] at both sides are also employed for predicting the
various design parameters including "W’ and ’L’ leading to
optimizing targeted output specifications.

Real Images
Dlscrlmlnator Predicted labels
(ReallGenera(ed)
Noise G t Generated
enerator Images

rOJect& l.

Batch
l RelLU

Normalization
Figure 1: General structure of proposed GAN used in both
modeling of biomedical PA and antenna designs.

For designing a biomedical PA, firstly an automated en-
vironment between EDA tools such as ADS and numerical
analyzer as MATLAB is created (Step-1). Afterward, the GAN
is employed for predicting full load-pull contours by making
use of a partial dataset. Hence from the known impedances,
the overall image is completed via a gradient search [26]], [27]].
Figure [I] shows the general structure of GAN which includes
the generator network and discriminator network (Step-2). In
this step, the generator network is constructed for generating
valid load-pull contours and load-pull images, where the
discriminator learns about realizing valid load-pull contours.
After achieving the optimal drain and gate impedances through
GAN from the previous step, it is time to construct the initial
structure of PA (including TLs) through the SRFT (Step-3).
As the last step in modeling PA, the LSTM-based DNN with
the implementation of MOALO algorithm to the output layer
is employed as presented in Fig. 2] The input layer consists
of specifications of TLs such as: "W’, and 'L’. Hereby, the
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Figure 2: DNN structures for optimizing design parameters of
biomedical PA (left-side) and biomedical antenna (right-side).

output layer presents the Si1, 7p, FPout, Gp and AM/PM
specifications for which the MOALO algorithm is employed
leading to predict the optimal design parameters of constructed
PA (Step-4). More details regarding training and constructing
of LSTM-based DNN is presented in Section II.B.a of [28]].

After constructing the biomedical PA, it is time to design
and optimize the biomedical antenna. The antenna structure
incorporates radiators with different lengths, so different res-
onant frequencies, giving rise to different resonances, hence
a wide band antenna. Apart from the coverage of the overall
industrial, scientific, and medical (ISM) band, such a wide-
band antenna is less sensitive to the variations of the tissue
parameters than a narrow-band one. For this case, firstly an
automated environment between the EDA tool (here, CST)
and numerical analyzer (here, MATLAB) for start designing
biomedical antenna is created (Step-5). Afterward, the initial
structure of the antenna is generated through a VBA script
[29]in which MATLAB prompts the macros in the CST lead-
ing to the design antenna automatically (Step-6). After defining
the initial configuration of the antenna, the design parameters
can be achieved through the trained LSTM-based DNN in
which MOALO algorithm is employed (Step-7). As Fig. [2]
shows, the constructed related DNN represents specifications
as "W’, 'L’ (dimensions used in the antenna modeling) and
also the position of the feeding point of the antenna as the
input layer parameters, whereas the output layer presents the
S11 specification of the antenna. As the last step, the new
GAN network is trained for estimating the RPs of optimized
antenna for various frequencies (Step-8).

III. VALIDATION OF THE PROPOSED PARADIGM

The proposed method is validated by arranging the related
optimization set-up with the practical CPU execution envi-
ronment, namely an Intel Core 17-4790 CPU @ 3.60 GHz
equipped with 64.0 GB RAM. In this section, firstly the design
procedure of a biomedical PA, and secondly the optimized
biomedical antenna operating at the center frequency of ISM
band, i.e., 2.45 GHz are provided.

A. Biomedical PA design

Figure [3] shows the optimized structure of biomedical PA
operating from 2.4 GHz to 2.5 GHz. After constructing the
automated environment presented in the previous section, the
load-pull extrapolation through the deep image completion
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Figure 3: Optimized biomedical PA; all design parameters of TLs (width/length) are in mm unit.

method is employed, since predicting suitable drain and gate
impedances is crucial for the SRFT method leading to the
construction of the initial structure of PA. Here, full load-pull
contours are extrapolated with the help of a partial dataset
(i.e., some known impedances) using the GAN network. The
depicted GAN network in Fig. [I] is trained by getting the
help of extracted 70000 sets of randomly simulated load-pull
results with 32 x 32-pixel images for which 64 filters are used.
For the transposed convolution layers and convolution layers,
5-by-5 filters are determined. The topology of this network
is generated by employing Bayesian optimization (BO) [30].
From the predicated impedances, the optimally selected drain
and gate impedances to be inserted into the SRFT method are
presented in Tab. |I} After constructing the structure of the PA,
it is time to achieve the optimal design parameters of TLs. For
this case, design parameters of PA (i.e., "W’ and 'L’ of TLs)
are iterated in the range of 5%, F10%, and F15% results in
5000 data. The hyperparameters of trained LSTM-based DNN
are achieved through the BO method. The accuracy of the
trained GAN and LSTM-based DNN [31] for the optimized
biomedical PA is shown in Fig. 4] The acceptable accuracy for
the GAN network is achieved at 1400"" epoch and also 0.083
value for the RMSE is obtained at the 200*" neuron with 5
hidden layers.

Table I: Predicted load-Pull results at 3-dB gain compression
through GAN network; PAE is power added efficiency.

Freq. Gate Drain PAE Pout Gp

(GHz) Impedance Impedance (%) (dBm) (dB)
2.2 0.093-j21.44 23.56 +j24.72 39.97  70.01 14.62
2.3 2.66-j19.51 20.81 +j26.03 39.97 7232 1217
24 3.92-j16.64 21.02 +j25.93 3997 7476  11.77
2.5 5.025-j13.938 19.81 +j24.29 39.97 72,62 11.27
2.6 8.25-j2.38 18.23 +j24.59 39.92 5529 1299
2.7 7.94-j2.92 10.67 +j23.30 38.69 4849  12.39

Figure [5] presents the various outcomes achieved from opti-
mized biomedical PA presented in Fig. [3]in which the design is
biased at a drain-source voltage of 50 V with a quiescent drain-
source current of 40 mA. The employed substrate is Rogers
RO4350B with £,=3.66 and a thickness of 0.508 mm. The
employed transistor is a Wolfspeed CG2H40010F Gallium Ni-
tride (GaN) high-electron mobility transistor (HEMT) results
in operating in the frequency band of 2.4 GHz to 2.5 GHz.
It is resulting in a G, higher than 15 dB, and an np higher
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Figure 5: Optimized S-parameter (left-side), one-tone (mid-
dle), and phase distortion (right-side) as AM/PM results of
biomedical PA operating at center frequency of 2.45 GHz.

than 55% in around 40 dBm P,,; at 3-dB compression point.
Also, it is observed that the phase distortion specification for
the optimized PA is performed between 5° and 24°.

B. Biomedical antenna design

Figure [6] represents the optimized configuration of the
biomedical antenna that is built on a 79O, substrate with
the relative permittivity of 95, and for which cover tissue
details are specified in Fig.[6]and dispersive electric parameters
reported in Fig. [/| (left and middle) [32]], [33]]. This substrate is
selected due to its poorly soluble bio-compatible specification
[34]. By getting used to the analysis executed in [35], we
utilize average values of the tissue parameters in this work as
well. The antenna is designed and optimized on a flat ground
plane of dimension of 18 mm x 16 mm. This configuration is
generated automatically by operating CST in the background,
handled by MATLAB software, which generates/updates the
VBA script describing the antenna geometry. The extension
of the superstrate layers are of the same dimension. For a
more realistic implementation, a conical configuration as in
[33[] can also be considered, but is out of the scope of the
present investigation.

As Fig. |Z| shows, the LSTM-based DNN is constructed for
predicting the S1; performance of the antenna for the given
input specifications. The suitable amount of data for training
the network is generated by iterating the design parameters in
the range of [F5%-F15%] with a step size of F5%. In total
2000 data are generated and hyperparameters of LSTM-based

RF out



This article has been accepted for publication in IEEE Antennas and Wireless Propagation Letters. 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/LAWP.2024.3523379

—e—Muscle ——Bone cortical tissue
-5 | —a—Dry skin —+—Fat

=N
=}

M=ol

—e—Muscle —#—Bone cortical tissue
|—=—Dry skin

3

N

< -
( g

Relative permittivity

S}

4 6 8 10 T2 4 6 8 10 T2 25 3 35 a4
Frequency (GHz) Frequency (GHz) Frequency (GHz)
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various tissues (middle), and S1; performance of optimized
biomedical antenna (right-side).

DNN are obtained by the BO method. At this amount of data,
acceptable accuracy is achieved. In case of not obtaining the
targeted accuracy, the number of data must be increased. This
trained LSTM-based DNN predicts the optimal parameters
results in the targeted bandwidth of biomedical antenna (see
Fig.[7). Afterward, the GAN network is executed for predicting
the E-plane and H-plane RPs by extracting 50000 datasets
generated randomly by altering the design parameters of
the biomedical antenna. The BO method is employed, and
hyperparameters alike the GAN network for biomedical PA
are achieved. The accuracy of LSTM-based DNN is achieved
as 0.071 RMSE value at 300" neuron with 3 hidden layers,
and the acceptable accuracy for trained GAN is obtained at
1200*" epoch as depicted in Fig [8| Respectively, Si; with
RPs of biomedical antenna are depicted in Fig. [7] and [] in
which the S-parameter outcome is predicated by LSTM-based
DNN and RPs are estimated by the trained GAN network. The
total consumed time for designing and optimizing biomedical
PA with an antenna is around 4 hours and 50 minutes. Figure
[TO] presents the execution environment for optimizing active
and passive devices in which MATLAB is the main core and
handling the various impedances extracted from both sides
leading to optimizing various output specifications concur-
rently. Additionally, the effectiveness of our proposed method
is proved by making a comparison with genetic algorithm
(GA) and particle swarm optimization (PSO) methods with
and without neural networks. As potential safety concerns, the
proposed method adheres to the safety guidelines in terms of
employed transistor model [36], used substrate, and operated
bandwidth [33].

IV. CONCLUSION

In this work, we present a fully automated optimization
methodology for designing and optimizing active and passive
biomedical devices as PA and antenna operating at a center fre-
quency of 2.45 GHz, concurrently. For this case, this method
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is executed based on the implementation of a deep learning
image completion method with the help of GANs and LSTM-
based DNNs that are optimized through MOALO algorithm.
The constructed GAN network in the biomedical PA side is
used for achieving the optimal impedances through load-pull
analysis, and the trained GAN network in the biomedical
antenna side is employed for extrapolating the RPs. The
LSTM-based DNNs are trained for PA and antenna designs
to obtain the optimal design parameters. All the processes
including constructing the configurations with determining
design parameters for both biomedical PA and antenna designs
are performed automatically. Some of the challenges that
any designer may face are as: i) creating an accurate bridge
between various EDA tools, ii) arranging special constraints
for used TLs at the PA side for passing EM simulation, iii)
selecting appropriate biomedical tissue at antenna side, iv)
implementing a successful optimization method in order to
fasten the process and not going to the infinite loop. Hence,
the proposed strategy will facilitate the time-consuming design
and optimization of inside-body WDT transmitters/receivers
effectively leading to a reduction the manual breaks. As
a future work, implementation of Behavioral models with
optimizing the biasing networks of PA are targeted leading
to reduced computational time as well.
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