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Abstract

This study evaluates the application of deep learning techniques to the design of a mi-
crowave transmitter–receiver system operating in the 5G mid-band. The proposed architec-
ture consists of four stages—signal generation, amplification, mixing, and filtering—each
initially designed using conventional microwave methods and subsequently integrated
into a complete transceiver. Simulation data were generated and component-specific con-
volutional neural networks (CNNs) were implemented in Python using TensorFlow/Keras.
Across all models, an average error reduction exceeding 90% was achieved, with most
networks converging after the third training cycle. System-level integration shows that the
baseline design achieved a transmitted power of −32.637 dBm and a gain of 1.116 dB, while
the deep learning-based design yielded −33.912 dBm and 0.738 dB. Additional analysis
of S-parameters confirms acceptable impedance matching and a frequency response of
around 3.5 GHz. These results illustrate that deep learning provides an effective comple-
mentary methodology for multi-component microwave system modeling and optimization
in 5G applications.

Keywords: deep learning; convolutional neural networks; microwave systems; 5G NR
mid-band; transceiver design

1. Introduction
Modern communication systems rely heavily on radiofrequency (RF) and microwave

technologies to support high-speed data transmission, broad bandwidth, and low-latency
services essential for fifth-generation (5G) networks and emerging applications. These
technologies enable the operation of advanced transmitters, receivers, filters, amplifiers,
and frequency converters, all of which must perform reliably under increasingly demanding
performance specifications [1]. As 5G services expand across sub-6 GHz bands—including
the mid-band segment between 400 MHz and 7 GHz—designers face new challenges in
achieving efficient, compact, and highly linear microwave systems. Conventional design
methodologies, based on analytical models, electromagnetic simulation, and iterative
prototyping, remain fundamental; however, the complexity of modern RF chains has
intensified the need for complementary techniques capable of reducing design time and
enhancing system adaptability.

Deep learning (DL), offers an effective alternative for capturing nonlinear patterns,
modeling high-dimensional relationships, and accelerating engineering workflows [2,3].
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Convolutional and deep architectures excel at learning complex input–output mappings
in microwave structures, which has encouraged their adoption in RF device modeling.
Prior studies have demonstrated the usefulness of DL for designing microstrip filters [4],
nonlinear microwave components [5], parametric structures [6], and fast frequency-domain
simulations [7]. Deep learning has also been applied to communications, enabling intel-
ligent filtering, adaptive detection, and resource optimization in wireless systems [8–10].
These developments show that DL can complement traditional microwave design by
reducing the computational cost and handling multidimensional parameter spaces more ef-
ficiently. Despite these advances, a key problem persists: most existing research focuses on
individual RF or microwave components, such as filters, amplifiers, or antennas [9,11,12].

Studies rarely explore the holistic modeling and design of an entire transmitter–
receiver (TX–RX) chain, where multiple nonlinear and linear components interact [13–15].
This gap limits our understanding of whether neural networks can generalize beyond
isolated device behavior and accurately replicate the operation of a complete microwave
communication system [15]. Traditional electromagnetic simulation tools such as ADS
and HFSS provide highly detailed modeling but require considerable computational re-
sources, long simulation times, and expert configuration, making iterative system-level
design increasingly demanding [16]. A data-driven alternative capable of approximating
the behavior of multiple RF stages can significantly streamline design cycles and support
rapid prototyping for 5G systems.

To address the increasing complexity of microwave system design in 5G applications,
this study explores the use of deep learning as a data-driven alternative for modeling
and designing a microwave transmitter–receiver operating in the mid-band. Deep neural
networks are employed to approximate the behavior of essential RF components, including
filters, amplifiers, mixers, and low-pass stages, and to integrate their predicted parameters
into a complete communication system. Component-level models are trained using simu-
lation data and subsequently validated through system-level integration. A performance
evaluation is conducted using key indicators such as gain, scattering parameters, harmonic
response, and error reduction after training.

2. Methodology
2.1. System Definition and Design Constraints

The proposed microwave transmitter–receiver system was designed to operate in the
5G mid-band, targeting a carrier frequency of 3.5 GHz and a 100 MHz baseband bandwidth,
in accordance with the 5G NR FR1 specification. The system architecture comprised four
cascaded stages (Figure 1): signal generation, amplification, frequency mixing, and filtering.
These stages were configured for up-conversion in the transmitter and down-conversion in
the receiver, enabling end-to-end signal recovery.

The same components were reused in both transmission and reception paths, with only
configuration changes in the mixer and filter stages. This design choice enabled a direct
comparison between base and deep learning-assisted implementations while minimizing
architectural variability.

2.2. Conventional Base Design and ADS Simulation

A reference transmitter–receiver system was first designed using analytical equations
and validated through Advanced Design System (ADS, 30-day trial license) simulations
(see Supplementary Materials). Each component was designed and verified individually
before system integration (Figure 2). The bandpass filter was implemented using coupled
microstrip lines designed for a center frequency of 3.5 GHz and a Chebyshev response. The
microwave amplifier was designed to ensure unconditional stability and maximum gain at
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the target frequency. The RF mixer was implemented using a hybrid coupler and Schottky
diodes, followed by a low-pass filter to extract the baseband signal after down-conversion.
Each component was simulated independently to verify frequency response, gain, and
harmonic behavior prior to integration.

Figure 1. Block diagram of the four-stage transmitter–receiver system.

Figure 2. Harmonic balance analysis of the mixer (a), maximum available gain versus simulated
gain (b), and S-parameters of the bandpass filter (c). Frequency in GHz is shown on the X-axis for
all subfigures.

After individual validation, the components were integrated into complete transmitter
and receiver schematics.

2.3. Dataset Generation for Neural Network Training

To enable data-driven modeling, datasets were generated using MATLAB (R2025a,
30-day trial version) scripts implementing the analytical design equations of each com-
ponent. Design variables such as frequency, impedance, ripple, bandwidth, and filter
order were systematically varied within predefined ranges to generate representative input–
output mappings (Table 1). Each component was treated independently, resulting in four
datasets, one per stage. The generated data represent physically meaningful solutions
that satisfy microwave design constraints. The final dataset consisted of 24,232 samples,
distributed across the four components.
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Table 1. Input/output variables used for neural network training of microwave components.

Component Input Variables (Range) Output Variables

Bandpass Filter
Bandwidth (0.1–10%), Ripple
(0.5, 3.0 dB), Impedance
(20–50 Ω)

Even/odd impedances of
coupled-line sections (1–6)

Microwave Amplifier Frequency (0.1–10 GHz)
Source and load matching
network dimensions
(transmission line and stub)

RF Mixer and LPF Cutoff frequency (1–5 GHz),
Impedance (20–100 Ω)

Hybrid coupler line
impedances (lines 1–4); LPF
components (C1, L2, C3, L4, C5)

2.4. Neural Network Configuration and Training Procedure

Four independent neural networks were implemented using Python 3.13.2 and trained
using the generated datasets. Each network was tailored to the dimensionality and charac-
teristics of its corresponding component (see Supplementary Materials). The architectures
combined convolutional layers with sequential organization, enabling the efficient extrac-
tion of relevant design features. Across all networks, a total of 338 layers were distributed
among input, hidden, and output layers. Training was performed using mean absolute
error (MAE) and mean squared error (MSE) as evaluation metrics (Figure 3). Each network
underwent five independent training runs to assess convergence stability and robustness.
Training progress was monitored by tracking the evolution of MAE and MSE across epochs.

Figure 3. MAE and MSE evolutions to (a) Network 1, (b) Network 2, (c) Network 3, and (d) Network
4. Percentage values for the Y-axis, and training iterations for the X-axis.

To summarize training effectiveness, the percentage reduction of MAE and MSE was
computed for each network (Figure 4).
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Figure 4. (a) Percentage error reduction per network; (b) average MAE and MSE reductions.

2.5. Deep Learning-Based System Integration

After training, the predicted component parameters were exported and used to re-
construct the transmitter and receiver in ADS. The same simulation settings and analysis
tools used for the base design were applied to the deep learning-based system, ensuring
direct comparability. System-level simulations included harmonic balance analysis, time-
domain signal inspection, and frequency-domain evaluation at key nodes of the transmitter
and receiver.

3. Results and Discussion
3.1. Training Performance Analysis

The neural networks initially produced high error values due to the complexity of
the input–output relationships between design parameters and microwave component
behavior. As training progressed, both MAE and MSE decreased consistently across succes-
sive iterations. In the final training run, all networks achieved an average error reduction
exceeding 90%, indicating stable convergence and reliable learning of the component de-
sign relationships. The results show that the generated datasets captured the relevant
parameter dependencies for each component and that the selected network configura-
tions were capable of approximating the microwave responses derived from analytical
design equations.

The training datasets were generated using MATLAB scripts based on microwave de-
sign formulas and validated through ADS simulations. Although simulation-based datasets
allow the controlled generation of large numbers of samples, they do not include non-ideal
hardware effects such as manufacturing tolerances, temperature variation, or device aging.
Consequently, the current model represents the ideal behavior of the components under
nominal conditions.

3.2. System-Level Signal Validation

System-level simulations confirm correct operation of the transmitter and receiver
stages (Figure 5). In the transmitter, the 100 MHz baseband signal is modulated and up-
converted to a carrier centered near 3.5 GHz. At the receiver, the high-frequency signal is
down-converted and filtered, allowing the recovery of the baseband waveform. Frequency-
domain analysis shows that the spectral translation occurs at the expected frequencies,
indicating that the learned parameters maintain correct signal propagation across the
cascaded stages.

This validation demonstrates that component-level models trained using deep learning
can be integrated into a complete transmitter–receiver architecture without altering the
expected signal flow or frequency translation behavior.
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Figure 5. Frequency-domain signals for the transmitter input (a) and output (b), and for the receiver
input (c) and output (d). Vin in volts for the Y-axis, and frequency in GHz for the X-axis.

3.3. Power and Gain Comparison

A quantitative comparison between the baseline analytical design and the deep
learning-based implementation shows small differences in the system performance
(Table 2). The baseline design achieved an output power of −32.637 dBm with a gain
of 1.116 dB, whereas the deep learning-based configuration produced −33.912 dBm and
0.738 dB. The resulting gain difference of approximately 0.37 dB indicates that the pa-
rameters predicted by the neural networks produce system responses close to the refer-
ence design.

Table 2. Power and gain values: base design vs. deep learning.

Base Design Deep Learning

Input −33.753 dBm −33.652 dBm
Output −32.637 dBm −33.912 dBm
Gain 1.116 dB 0.738 dB

The current evaluation focuses on metrics directly related to component modeling and
signal propagation, including output power, gain, S-parameters, and harmonic balance
response. While these metrics provide insight into system functionality, additional perfor-
mance indicators commonly used in communication systems—such as P1dB compression
point, third-order intercept point (IP3), harmonic distortion, intermodulation distortion,
error vector magnitude (EVM), and signal-to-noise ratio (SNR)—could further characterize
system behavior under practical operating conditions.

The results demonstrate that component-level deep learning models can be success-
fully integrated into a complete microwave transmitter–receiver system without compro-
mising the system-level performance (Figure 6). The small gain deviation and accurate
baseband recovery indicate that the neural networks effectively capture the nonlinear
interactions between design variables and component behavior. From an engineering per-
spective, this approach reduces design iteration time during early-stage system exploration.
Instead of repeatedly tuning analytical models and simulations, trained networks can
estimate component parameters that meet system requirements. The current validation
relies on simulation data; however, the methodology can be extended to experimental char-
acterization and hardware-in-the-loop testing. Future work will incorporate measured data,
manufacturing tolerances, and adaptive training to improve robustness and generalization.
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Figure 6. (a) Input and (b) output power comparison at the receiver.

4. Conclusions
This work demonstrates that while prior research has applied deep learning models

to the design and optimization of individual microwave devices, their scope has generally
remained limited to isolated components. In contrast, the present work integrates multiple
microwave devices into a complete communication system, providing a more holistic
perspective. A deep neural network architecture combining convolutional and sequen-
tial models was implemented, proving effective in capturing the complex input–output
relationships of the system. To enable robust learning, a base system composed of four
functional components and four neural networks was designed. Training was performed
using 24,232 data samples and a total of 338 layers distributed across input, hidden, and
output layers. A performance evaluation based on MAE and MSE metrics showed error
reductions exceeding 90%, confirming strong model convergence and accurate pattern
learning. A system-level evaluation further revealed a transmission frequency response
of 3.5 GHz and a recovered signal bandwidth of 100 MHz. The receiver output power of
−32.912 dBm and a gain of 0.738 dB, with only a 0.37 dB deviation from design values,
indicate minimal losses. Overall, the results confirm that the proposed system operates
efficiently and supports reliable transmission in 5G environments. Future work will incor-
porate measured data from fabricated microwave structures and additional boundary-case
samples, including impedance mismatch and extreme operating conditions, to further
evaluate model robustness and generalization.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/engproc2026124095/s1, Figure S1: Transsmiter; Figure S2: Receptor;
Figure S3: Input output signals for each individual component simulated; Table S1: Neural Network
Architecture 1 (Filter); Table S2: Neural Network Architecture 2 (Filter); Table S3: Neural Network
Architecture 3 (Directional Coupler); Table S4: Neural Network Architecture 4 (Directional Coupler);
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