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Abstract

Objectives. The work sets out to develop an effective method for suppressing additive Gaussian noise in radio channels
to ensure the high-quality reconstruction of digitally modulated signals at low signal-to-noise ratio (SNR) levels.
Methods. To address this problem, a hybrid architecture is proposed that combines Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU) recurrent neural networks. The ResBiLSTM-BiGRU model
enables more stable training and improved reconstruction quality, as well as more accurate modeling of the
temporal structure of signals. The performance of the model was evaluated using a multi-modulation dataset with
various input SNR levels.

Results. As confirmed by the experimental results, the proposed model achieves an average improvement of 2-3 dB
in output SNR compared with the Relativistic Average Generative Adversarial Network (RaGAN) under identical
simulation conditions, as well as a more than a 10-dB improvement as compared with the wavelet-transform-based
method. The model is characterized by lower mean squared error values and higher correlation coefficients across
the entire input SNR range from —10 to 10 dB. The peak SNR values also indicate high signal reconstruction quality,
especially at low input SNR levels. Analysis of architectural parameters shows that the best performance is achieved
with 128 hidden units and a deep ResBiLSTM-BiGRU architecture.

Conclusions. The obtained results confirm the effectiveness and practical applicability of the proposed
ResBIiLSTM-BIiGRU hybrid architecture for suppressing additive Gaussian noise in radio channels and
reconstructing digitally modulated signals, particularly under low-SNR conditions.
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HAYYHAA CTATb4A
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ResBiLSTM-BIGRU nist 3¢p¢dexkTUBHOTO
MOAABJICHHUS IIIYMA B pajuoKkaHaJe ¢ HuppoBbIMHU
MOAYJIMPOBAHHBIMHU CUTHAJIAMH
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Pesiome

Llenu. Llenbio paHHo paboTbl ABnseTcs paspabdoTka addeKTMBHOro Metoaa noaasneHns agauTMBHOIO rayccoB-
CKOro LymMa B paguokaHane, 06ecrneymBaloLLLEro BbICOKOE Ka4eCTBO BOCCTAHOBNEHUS MG POBbLIX MOOYIMPOBAHHbLIX
CUrHaNOB NP HN3KMX 3HAYEHNSAX OTHOLLEHUS curHan/wym (signal-to-noise ratio, SNR).

MeToabl. [1ns pelleHns NOCTaBEHHOM 3a4a4n npenjioxeHa rmbpuaHas apxutekTypa, oO6beanHsiowas pexkyp-
PEHTHbIE HENPOHHbIE CETW TUMOB A0IFON KPATKOCPOUYHOM namaTtu (long short-term memory, LSTM) 1 ynpasasembix
pekyppeHTHbIX 6n1okoB (gated recurrent unit, GRU). Mozenb ResBiLSTM-BiGRU o6ecneunBaeTt 60nee ctabunbHoe
00y4eHVe, NOBLILLEHHOE Ka4ECTBO BOCCTAHOBNEHUS 1 60nee TOHHOE MOAENNPOBaHNE BPEMEHHOM CTPYKTYPbI CUT -
HanoB. OHDEKTUBHOCTb MOLENMN OLLEHMBAACH HA MHOTOMOAYNSALMOHHOM Habope AaHHbIX NPU PasfIYyHbIX YPOBHSAX
BxogHoro SNR.

PesynbTaTtbl. OKCNepuMeHTaNbHblE UCCNENOBAHNSA NOKa3ann, 4To NPeaoXeHHas MoAenb B cpeaHem obecne-
ymBaeT yBenmyeHme BbixogHoro SNR Ha 2-3 gb no cpaBHEHUIO C PENSTUBUCTCKOM YCPEOAHEHHOW reHepaTMBHO-
cocTa3aTesibHOM ceTblo (relativistic average generative adversarial networks, RaGAN) n 6onee yem Ha 10 ob no cpae-
HEHWIO C METOOOM Ha OCHOBE BENBNET-NpeobpaszoBaHns NpyU OOVMHAKOBLIX YCNOBUSX MoaennpoBaHus. Moaesnb
XapakTepunayeTcs MeHbLUVMN 3HAYEHUSIMIN CPEAHEKBAAPATMYECKOM OLLNOKN 1 6onee BbICOKMMU KO3PDULMEHTAMMI
Koppensummn Bo BceM amnanasoHe BxogHbIx SNR o1 —10 go 10 aob. 3HavyeHnsa nukosoro SNR Takke CBUAETENbCTBYIOT
0 BbICOKOM Ka4eCTBEe BOCCTAaHOBJIEHUS CUTHASIOB, OCOOEHHO NPU HU3KKX YPOBHAX BXxogHOro SNR. AHanms apxuTek-
TYPHbIX MapamMeTpoB Nokasas, 4TO HauyyLme pe3ynbTaTbl 4OCTUAIOTCA NPY NCNONb30BaHMM 128 CKPbITbIX Y3108
1 rny6okoin apxuTtekTypbl ResBiLSTM-BiGRU.

BbiBoAbI. [TonyyeHHble pedynbTaThl NoATBEPXAAIOT 3P DEKTUBHOCTb U MPAKTUYECKY NPUMEHUMOCTb rMOpUaHOI
apxutekTypbl ResBiLSTM-BiGRU ana nogasneHns aoanTMBHOMO rayCCOBCKOrO LLyMa B pagmnokaHane 1 BOCCTaHOB-
NeHnst U@ POBbLIX MOAYNNPOBAHHbIX CUIHAN0B, 0COOEHHO B yCN0BUSX HU3KOro SNR.

KnioueBble cnoBa: KOrHUTMBHbIE PAAMOCETN, aBTOMATMYeCKas kKnaccupukaumsa Mogynsaumm, curHansl udpoBon

Moaynaumm, rnybokoe obyyveHue, rmubpmngHas cetb ResBiLSTM-BiGRU, nogaBneHve wymMa, OTHOLIEHWEe CUrHa/ym,
cpefHekBagpartmyeckas owmbka, KoOadOULUNEHT KOPPENSILUN, MMKOBOE OTHOLLEHWE CUTHaI/LLYM
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MpospayHocTb hMHAHCOBOM AeATENbHOCTU: ABTOPbI HE UMEIOT PUHAHCOBOM 3aMHTEPECOBAHHOCTN B MPEACTaB/EH-

HbIX MaTepuanax nian MmetToaax.

ABTOpPbI 3aBASIOT 06 OTCYTCTBUM KOHGMIMKTA MHTEPECOB.

INTRODUCTION

The increased use of modern communication
technologies such as 5G/6G networks and the Internet
of Things (IoT) has led to greater demands for high-
quality signal transmission through complex, noisy
communication channels. This has given rise to
a significant challenge in the form of additive white
Gaussian noise (AWGN). By significantly reducing
signal quality, AWGN complicates various applications,
including automatic modulation classification, spectral
sensing and resource management in cognitive radio
networks.

Traditional noise suppression methods, such as
linear filtering and signal transformations in the time
and frequency domains, have been used for several
decades. While these methods demonstrate satisfactory
performance in linear channels with medium to high
signal-to-noise ratios (SNRs), they become less
effective in the presence of nonlinear signals and low
SNR conditions. This limits their practical applicability.
However, they are ineffective in the presence of nonlinear
signals and low SNR conditions.

In recent years, deep learning has opened up new
possibilities for radio signal processing. Models such
as denoising autoencoders (DAEs) [9, 10], generative
adversarial networks (GANs) [11-13], diffusion
models [14, 15], and transformers have been shown to
be effective at suppressing noise. However, each of these
models has its limitations. For instance, DAEs become
less efficient at low SNRs. GANs and their variations
are difficult to train and require a lot of computational
resources. Although diffusion models and transformers
perform well in high-noise scenarios, they also have
high computational requirements and long output delays.
Long short-term memory (LSTM) and gated recurrent
unit (GRU) networks do not exploit their complementary
capabilities fully when used separately.

Based on these findings, the present work proposes
aResBiLSTM-BiGRU hybrid architecture that combines
the strengths of LSTMs and GRUs. While LSTMs
facilitate the learning of long-term dependencies, GRUs
offer compactness and rapid convergence. The study
aims to develop an efficient and practical approach to

AWGN suppression in digital radio channels for next-
generation communication systems.
Specifically, the study:

e develops a specialized ResBiLSTM-BiGRU hybrid
architecture for noise reduction in digital radio
signals;

e conducts a thorough analysis of the results across
a wide SNR range of from —10 dB to 10 dB and
various modulation techniques; and

e demonstrates the efficacy of the proposed
approach compared to traditional noise reduction
methods using metrics such as SNR, mean square
error (MSE), root mean square error (RMSE) and
peak signal-to-noise ratio (PSNR).

1. RELATED RESEARCH

Over several decades, both conventional techniques
and modern deep learning-based approaches have been
used to address AWGN. While conventional techniques
remain popular due to their simplicity and reliability,
they are less effective under more challenging scenarios,
such as those involving low SNR or nonlinear channels.
Table 1 summarizes the key features, advantages,
and limitations of some of the most commonly used
conventional noise reduction methods.

Contemporary approaches based on deep learning
offer high flexibility and efficacy in addressing AWGN,
especially in low SNR settings. However, there are still
several challenges to overcome when implementing
deep learning models for noise reduction in digital
communications. Table 2 outlines some recent research
efforts to address AWGN in digital modulation systems.

The experimental phase of the research involves
a comparative analysis of two noise reduction
methods. One of these techniques is based on wavelet
transformations (WT), while the other uses relativistic
average generative adversarial networks (RaGAN). The
results suggest that a hybrid architecture combining
ResBiLSTM and BiGRU networks achieves more
consistent signal recovery accuracy when used in
challenging communication channels with low SNR
for AWGN suppression across various modulation
techniques.
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Table 1. Characteristics of conventional noise reduction methods

Method group

Primary methods

Key features

Limitations

Linear filtering [1, 2]

Wiener filtering, Kalman filtering,
adaptive least mean squares (LMS)
algorithm, and recursive least
squares (RLS) algorithm

Wiener filter optimizes MSE

in a linear environment;
Kalman filtering is effective
for linear dynamical systems;
LMS/RLS provides adaptive
filtering for a changing channel

linear properties of signal
and noise are required;
reduced efficiency

with low SNR;

limitations when working
in non-linear channels

or with non-stationary noise

Noise reduction
in the transformed

WT, Fourier transform, and discrete
cosine transform (DCT)

WT provides signal analysis
in both time and frequency
domains simultaneously;

e the Fourier transform and DCT

represent a signal exclusively

the effectiveness of WT depends
on the choice of the basic
function and the threshold;

the Fourier transform and DCT

area [3-6] in the frequency domain; are ineffective with AWGN;
« these methods are most effective |e partial loss of local information
for signals with a pronounced is possible
and stable frequency structure
- * MMSE/MAP uses probabilistic . .
Minimum mean square . . e precise knowledge of signal
. signal and noise models; . RN
error (MMSE), maximum « PCA/SVD allows vou to separate and noise distributions
Statistical a posteriori probability (MAP) Y p is required,

methods [7, 8]

method, principal component
analysis (PCA), singular value
decomposition (SVD)

signal and noise components;
effective with a complete
statistical description

of the environment

high computational complexity;
efficiency is significantly reduced
with an inaccurate model

Table 2. Characteristics of deep learning methods

Author(s), Year, Study Architecture Data / Channel Key concepts and benefits Limitations
Combination of two residual
Ruifeng Duan, Ziyu Chen, | Autoencoder with encoder-decoder network Comparison onl
Haiyan Zhang, Xu Wang, | skip connections Digital modulated connections and an advanced with II){LS LMSy
Wei Meng, Guodong Sun, |and channel-wise signals; AWGN SE-ResNet! module to enhance and PCA ’ ’
2023 [10] attention mechanism feature extraction and reduce
computational complexity
. . . The difficulty
Shoushuai He, Lel.Zhu, Modified GAN D.lgltal modulated Restoring parts is better than of learning,
Changhua Yao, Lei Wang, architecture signals; traditional filters the difficult
Zhen Qin, 2022 [11] AWGN + interference . Y
of setting up
Liang Peng, .

. Using GAN to generate a clean .
Shengliang Fang, - . . . . Learning
Youchen Fan RaGAN Digital modulated signal from a noisy one, improving complexity. high

’ signals; AWGN the quality of recovery compared prexity, g
Mengtao Wang, Zhao Ma, " computational load
2023 [12] to traditional filters
. o Determines the diffusion process
Tong .Wu, Z}-nyong .Chen, The diffusion rpodel Relay and AWGN according to the conditional High
Dazhi He, Liang Qian, is used to predict and C A . . .
. .. . communication distribution of the received signal, and | computational
Yin Xu, Meixia Tao, suppress noise after . . . .
. . channel can be integrated as a noise reduction | complexity
Wenjun Zhang, 2023 [14] | channel alignment ; . .
module to improve signal quality
Pre-training of the noise canceller | Limited set
Zehr} Ji, Shuo Wang, . ' Cyclic signal; digital ona cychc.s1gna1 fol%oyved of modulaFlons;
Kuojun Yang, GRU-noise reduction . by fine-tuning on a digitally no evaluation
. . . modulated signal; . . .
Qinchuan Zhang, module with classifier AWGN channel modulated signal; increased using clean
Peng Ye, 2024 [16] accuracy by more than 20% noise reduction
at low SNR values metrics (MSE/SNR)

! The Squeeze-and-Excitation Residual Network (SE-ResNet) is a convolutional neural network architecture combining the skip
connections of ResNet with a channel-wise attention mechanism based on Squeeze-and-Excitation blocks. This enables the adaptive
recalibration of feature channels by modeling their mutual dependencies.
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2. PROPOSED METHOD

2.1. ResBiLSTM-BiGRU network architecture

for suppressing additive Gaussian noise and

compensating for an imperfect transmission
channel of basic 1/Q2 data

The paper assumes that the received data is basic 1/Q
data transmitted over a communication channel and
corrupted by AWGN. In order to provide an effective
noise suppression model for these signals, a ResNet>-based
architecture called ResBiLSTM-BiGRU is proposed.
The learning branch of this architecture is a hybrid
network combining LSTM and GRU in cascade.

Before discussing this hybrid network architecture,
a comparison of the key characteristics of LSTMs and
GRUs is presented [17]. Table 3 summarizes their main
differences.

Figure 1 depicts the overall architecture of the
ResBiLSTM-BiGRU network. The network follows
a similar structure to ResNet, comprising two parallel
branches. The right branch serves as the primary data
transmission path to ensure stable information flow
and prevent the occurrence of gradient attenuation or
explosion within the network. In contrast, the trainable
left branch incorporates a hybrid LSTM-GRU structure
alongside auxiliary layers, which is referred to as
a “Hybrid LSTM-GRU.”

The model receives as input a basic I/Q signal
contaminated by AWGN, represented as a 3D tensor
with dimensions of [B, 7, 2]. Here, B represents the
batch size, T denotes the length of the time sequence,
and 2 is the number of channels (I and Q). Due to the
direct connection provided by the right branch, we will
focus on data processing within the Hybrid LSTM-GRU
branch for further analysis.

At the initial stage of processing, the data is passed
through bidirectional long short-term memory (BiLSTM)
layers. These layers extract time dependencies in both
the forward and backward directions to capture long-
term correlations within the data. The output of these
layers is then fed into bidirectional gated recurrent
units (BiGRU), which refine the features and capture
local dependencies with higher frequency and lower
computational cost due to their simplified gating
structure.

Following the BiGRU processing, the output is
normalized using layer normalization for stability in
learning. The normalized data is then fed into a linear
layer to reduce the dimension of the input. Finally, the
outputs the direct and indirect paths are combined to
generate the final output of the model.

This structure is intended to suppress AWGN and
compensate for distortions caused by imperfections in
the transmission channel that affect the received signal.

Table 3. Comparative characteristics of LSTM and GRU architectures

Characteristic

LSTM

GRU

Number of gates

Three: entry, forgetting, and exit

Two: update, reset

Number of states

Two: cell state and hidden state

One: hidden state

Memory mechanism

Linear transfer of information
through the cell state resistant
to long-term dependencies

Merging new and previous information
in a hidden state, effective for medium
and short dependencies

Model complexity Higher

Lower

Number of parameters Significantly more

Less (by 25-30% compared to LSTM)

Learning rate Lower

Higher

Modeling long-term dependencies Very high

High, but inferior to LSTM

Modeling short-term dynamics Less sensitive

More sensitive

Overfitting tendency Higher

Lower

Memory costs Higher

Lower

Convergence behavior

Slower, hyperparameter-sensitive

Faster and more stable

Typical applications

Long sequences, signals with trend or drift

Noisy signals, real-time processing,
limited resources

2 [ stands for the in-phase component, Q stands for the quadrature component, and the quadrature component refers to two orthogonal

components of a complex signal.

3 A residual network is an architecture for convolutional neural networks that uses skip connections.
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C Layer normalization )
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C Linear layer )

N

Skip connection

e

C Summation )
v

( Denoised signal >

Fig. 1. Architecture of the ResBiLSTM-BiGRU hybrid network
for noise suppression mixed with a digital modulation signal

2.2. Justification of the feasibility
of the Hybrid LSTM-GRU structure

As illustrated in Fig. 1, a key feature of the
proposed model is its hybrid architecture, which
combines LSTM and GRU (Hybrid LSTM-GRU). Figure 2
provides a more detailed representation of this architecture.

Figure 2 depicts a network that operates on basic
I/Q data. This modulated signal, which has been reduced
to the base frequency band, contains information about
amplitude, frequency and phase modulation. When
transmitting over a channel, this signal is subject to

additive noise, and can be modelled as follows:
x(n) = A(n)e/® +n(n), (1

where A(n) and ¢(n) are slowly varying components
carrying information about modulation, the relationship

between symbols and details of the transmission
medium (including multipath effects and fading), and
where n(n) represents additive noise typically modelled
as a white Gaussian process.

In this context, processing 1/Q data involves
suppressing additive noise, m(n), and identifying
signal patterns, as well as accounting for the effects
of multipath/fading in A(n) and ¢(n). In the time
domain, AWGN n(n) varies rapidly and carries short-
term information, whereas the signal patterns and
multipath/fading effects are considered to be more
slowly varying and to carry long-term information. In
other words, the signal x(n) in equation (1) exhibits
multiscale temporal behavior.

The mathematical model of the 1/Q data presented
in equation (1) and the above analysis determine
the network architecture shown in Fig. 2 directly.

l | x(n)
| v
R 1/Q dat | LSTM Output Output F(x) Output
aw ata ! utpu
/ At o LSTM = GRGU GRU > Other » Summation
x(n)y=sm+n(n) | " ht layers | 5(n)
H X A |
Long-term | Short-term | ! |
memory : memory : : :
1 1 | <__I
Error Error G, Error L Loss s(n)
backpropagation {«-| backpropagation |« ~- backpropagation [ function a“ onal
in LSTM in GRU for other layers calculation Ie;g]ggga

Fig. 2. Sequential Hybrid LSTM-GRU architecture:
x(n) is the noisy signal, s(n) is the clean signal, §(n) is the reconstructed signal, htL,htG are the hidden states
of the LSTM and GRU networks, respectively, 6, is the set of LSTM parameters, and F(x) represents the transformation
of the input signal through the network. The final output is produced using skip connection: §(n)= x(n)+F(x);

Lis the loss function, G, is the loss gradient, n is the count, and t is the time step
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The underlying 1/Q signals exhibit multiscale temporal
patterns and can also be considered statistically
independent, since the white Gaussian noise component
is uncorrelated with the others. During the training
process, the network architecture (Fig. 2) enables
the LSTM unit to capture primarily long-term signal
components, while the GRU specializes in modeling
short-term dynamics. From a physical perspective, the
LSTM unit focuses on extracting characteristic signal
patterns and multipath or fading effects, whereas the
GRU unit mainly extracts information relating to the
additive white noise component.

Therefore, the multiscale time structure and
statistical independence of the I/Q signal components are
necessary for the hybrid neural network to automatically
allocate roles to the LSTM and GRU components
without imposing any prior constraints.

2.3. Dataset

The study is based on the RadioML 2018.01A open
DeepSig* dataset. This dataset, which is widely used
for radio signal modulation recognition tasks, includes
24 different modulation types, presented at 26 SNR
levels ranging from —20 to +30 dB in 2 dB increments.
A total of 4096 individual frames are included for
each “modulation—SNR” pair. Each frame contains
1024 complex signal samples, which are represented as
1/Q components with dimensions of (1024, 2). The total
dataset comprises 2555904 frames.

To tailor the dataset for noise suppression, signals
with an SNR of 30 dB are isolated and used as a reference
for “clean” signals with minimal noise. Based on these,
a noisy set is formed in which AWGN is added to each
signal at SNR levels ranging from —10 to +10 dB in 2 dB
increments according to a Gaussian distribution. Thus,
two subsets are formed: clean modulated signals and
noisy modulated signals.

The main parameters of the dataset are given in Table 4.

The dataset is divided into three parts for
training, validation, and testing according to the
proportions 80%, 10%, and 10%, respectively. Two models
are trained using the training and validation sets: a Hybrid
LSTM-GRU and a RaGAN. The test set is then used to
compare the efficacy of these two models and evaluate the
performance of the WT-based noise suppression methods.

Table 4. Dataset main parameters

Parameter Value
8 types: BPSK3, QPSKS, OQPSK?,
Modulation types 8PSKS®, 16QAM’, 64QAM!?, GMSK!!,
and OOK 2
11 values ranging from —10 to 10 dB
SNR ranges in 2 dB increments
Number of samples 1024
in one frame
Number of frames per
“modulation-SNR” | 4096
pair
Data format 1024 complex 1/Q samples (in-phase and

in the frame quadrature components), size (1024, 2)

Total number

of frames 360448 frames (8 x 11 x 4096)

Communication

channel AWGN

3. EXPERIMENTAL RESULTS

To evaluate the effectiveness of the proposed
ResBiLSTM-BiGRU hybrid architecture, experiments
havebeen conducted using atest dataset. The performance
of the model is compared to two representative methods,
namely a deep RaGAN model and a conventional
WT-based noise suppression method.

The RaGAN model uses a generative adversarial
network with a relativistic discriminator based on
bidirectional LSTM (BiLSTM) networks. We denote the
original (real) signal as s, while the synthesized (fake) signal
is denoted as s;. The discriminator calculates the probability
that the original data is more realistic than the synthesized
data. The loss functions for the discriminator (D) and the
generator (G) can be expressed as follows:

IR = —E[IOg(DRaGAN (s-5¢ ))] -

—E [bg(l ~DRagan (5¢+5; ))]

1 = en{1- Do )]

- E[IOg(DRaGAN (Sf’sr)):l’
where E[.] denotes the expectation operator, and Dy, an
is the relativistic discriminator used in RaGAN.

4 https://www.deepsig.ai/datasets/. Accessed November 11, 2025.

5 Binary Phase Shift Keying.

6 Quadrature Phase Shift Keying.

7 Offset Quadrature Phase Shift Keying.
8 8-Phase Shift Keying.

9 16-Quadrature Amplitude Modulation.
10 64-Quadrature Amplitude Modulation.
1 Gaussian Minimum Shift Keying.

12 On-Off Keying.
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To improve the quality of clean signal recovery, the
overall loss function of the generator is formulated as
a weighted sum of content loss and adversarial loss as
follows:

— R
Lg =L, + MG,

where A is the balancing coefficient. Content loss, which
is based on MSE and absolute difference, is defined as:

1< 2
Lyse :;Z;(Sri _G(Sf)i) ’ ~G(sp),}
=

_LMSE+11'

con 2

This combination of loss functions allows the
generator to accurately reconstruct the noisy signal while
considering both the quality of content and competitive
component.

The classical WT method operates in the frequency
domain. The noisy signal y(#) is decomposed into a set of
wavelet coefficients:

¢ =[OV (O,

where v k(t) are the basic wavelet functions at scale j
and pos1t10n k. Threshold filtering of coefficients is then
applied:

) sign(cj’k)(‘cj’k‘—k),‘cj’k‘>k,

C., =
J.k
0, ‘cj’k‘ﬁ

Then, the signal is reconstructed using the inverse
wavelet transform, as follows:

t)= Zéj,kwj,k (¢)
ik

This approach enables the removal of high-frequency
noise components by setting the corresponding
coefficients to zero.

The efficacy of noise suppression was evaluated
using standard quality recovery metrics, such as MSE,
SNR, correlation coefficient (CC) and PSNR. The
formulas for these metrics can be found in Table 5.

The model is trained using MSE loss function and
the Adam '3 optimizer for 150 epochs. During training,
the adaptive reduction mechanism called Reduce
learning rate on plateau or ReduceLROnPlateau, is
employed, whereby the learning rate decreases if there
is no improvement in the metrics over five consecutive
epochs. To prevent overfitting and reduce calculation
time, the Early stopping'# strategy is also employed,

Table 5. Metrics for evaluating the quality of noise
reduction

Formula

N
721 1 i dB,

zilil(xi - ’Aci)z

Metric

SNR=10-1g
Signal-to-noise ratio

(SNR) where x is the original clean signal,

X is reconstructed signal,

N is the number of samples
Mean squared error 1 &N \2
(MSE) MSE=—-3 (%= %)

N —\(~r =
T
— N [~ =\2 ’
. RSERE

Correlation here X th I
coefficient (CC) where X are the average values

of the original clean signal,
X are average values
of the reconstructed signal

x2
PSNR =10 g -max
MSE

The x,,, parameter is defined

as the maximum amplitude value
of a clean one-dimensional signal,
calculated from its discrete time
realization in a test sample

Peak signal-to-noise
ratio (PSNR)

which is triggered when the loss function stops
decreasing. As shown in Fig. 3, the learning outcomes
demonstrate a stable decrease in the loss function for
both the training and test samples, as well as the model
achieving stable and optimal error values.

0.18 T . T .
—e—Training loss
—&— Validation loss | |

0.16

0.14

0.12

Loss

0.10

0.08

0.06 y y y .
0 30 60 90 120 150

Epoch

Fig. 3. Values of training and validation loss
during the training process

13 Adaptive moment estimation is an optimization algorithm used for training neural networks that combines the concepts of the

momentum method and adaptive gradient scaling.

14 Early stopping is a regularization method in which the learning process of a neural network is interrupted when the error on the
validation data stops decreasing (and usually begins to increase), which prevents overfitting.
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Figure 4a shows the results of comparing different
noise suppression methods using the SNR metric. The
proposed model delivers optimal performance across the
entire input SNR range, spanning from —10 to +10 dB.
Compared to RaGAN, the average improvement is
approximately 2.27 dB. At an extremely low SNR level
of =10 dB, the improvement is just 0.41 dB; however,
it then gradually increases to stabilize within the range
of 3.0-3.5 dB for high SNR values. Compared to WT,
the advantage is even more pronounced, providing
an average increase of 10.5 dB. In the low SNR range
of —10 to 0 dB, the increase ranges from 6.1 to 12.3 dB.
In the high SNR range (2 to 10 dB), the noise-suppression
improvement remains between 11 and 13.5 dB.

Figure 4b shows the results of comparing the
average MSE values. The proposed model consistently
provides the lowest MSE, indicating more accurate signal
reconstruction than RaGAN and WT. A particularly
significant improvement can be observed compared to the
WT; here, the MSE is 0.2556 at an SNR of —10 dB, whereas
for WT itis 1.077. At an SNR of 10 dB, the MSE decreases
to 0.0024, whereas WT remains at 0.0233 (almost ten
times higher). Compared to RaGAN, the difference is less
pronounced but still evident across the entire SNR range.
For instance, at an SNR of —10 dB, the model’s MSE
is 0.255 vs 0.279 for RaGAN. At an SNR of 10 dB, the

30
25
20+
15+
10+

—e—Noisy signal
—e—Proposed method

Average output SNR, dB

oy RaGAN
| | —a— WT
-10 -5 0 5 10
Input SNR, dB
(a)

—=— Proposed method

Average correlation coefficient

0.4] RaGAN
—a—WT
0.3 : : :
210 -5 0 5 10
Input SNR, dB

(c)

respective values are 0.0024 and 0.0042, indicating
approximately 1.7 times greater accuracy.

Figure 4c shows a comparison of the correlation
coefficient between the original and reconstructed signals.
The proposed model achieves the highest values across
the entire SNR range, confirming its superior ability to
preserve the temporal structure of the signal. At an SNR
of —10 dB, the correlation coefficient is 0.726, which is
higher than that of RaGAN (0.718) and almost double that
of WT (0.366). As the SNR increases, the performance
of all models improves; however, the proposed method
consistently outperforms the others. At an SNR of 0 dB,
the correlation coefficient reaches 0.980, surpassing the
values obtained for RaGAN (0.971) and WT (0.822).
At high SNR levels (>6 dB), all techniques approach
the saturation region (>0.99 for the proposed method
and RaGAN). Nevertheless, the proposed method
continues to outperform WT (0.979 at 10 dB vs 0.998 for
the former).

Figure 4d presents the PSNR comparison results.
The proposed model exhibits the highest PSNR values
over the entire SNR range, confirming its superior signal
reconstruction capabilities. At an SNR of —10 dB, the
PSNR is 11.72 dB, which exceeds the corresponding
values for RaGAN (11.31 dB) and WT (3.47 dB). As the
SNR increases, the gap between the proposed model and

1.2

—&— Proposed method
RaGAN
—2—WT

Average MSE, dB
o
[e)]

02 ‘\“\“\,\‘/\"
-10 -5 0 5 10
Input SNR, dB
(b)

—=— Proposed |
method

Average PSNR, dB

Sk RaGAN
——\WT
0 1 1
-10 5 0 5 10
Input SNR, dB
(d)

Fig. 4. Results of comparing noise suppression methods:
(a) output SNR, (b) MSE, (c) correlation coefficient, and (d) PSNR
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Fig. 5. Results of comparing noise suppression methods:
(a) by the number of hidden nodes and (b) by the dropout value

RaGAN remains consistent at around 2—3 dB. The benefit
is particularly notable in comparison to WT: at 0 dB, the
PSNR is 25.38 dB for the model vs 10.89 dB for WT; at
10 dB, the model’s PSNR reaches 33.93 dB, which is
nearly 14 dB greater than that of WT (20.06 dB).

The influence of the number of hidden layers in
the ResBiLSTM-BiGRU hybrid model is illustrated
in Fig. 5a. A significant improvement in signal
reconstruction accuracy is achieved by increasing the
number of layers from 32 to 64. For example, at an
SNR of 0 dB, the performance metric increases from
14.54 dB to 15.59 dB. Further increasing the number
of layers to 128 results in optimal performance, with an
SNR of 0 dB yielding a value of 17.07 dB. Thisis 1.5 dB
higher than the 64-layer configuration and 2.5 dB higher
than the 32-layer configuration. However, no further

improvement is observed with 256 layers, at which
configuration the performance remains comparable to
that of the 64-layer model, and is lower than that of
the 128-layer variant over the entire SNR range. These
results suggest that 128 layers provide the best balance
between reconstruction accuracy and model complexity.
Figure 5b shows the impact of the dropout rate!’
on model performance. Without dropout, the model
exhibits maximum efficiency. Setting the dropout value
to 0.2 results in only a minor decrease in reconstruction
accuracy while maintaining overall stability. However,
increasing the dropout rate to 0.5 results in a significant
reduction in performance across the entire SNR range.
Figure 6 depicts the results of comparing various
combinations of the LSTM and GRU blocks. Using
LSTM alone provides limited performance, for

30
25
20
15+
10 ¢

Average output SNR, dB

-10

-10 -5

0 5 10

Input SNR, dB

—— Noisy signal

—=—LSTM

LSTM-LSTM

—— LSTM-GRU

—— LSTM2-GRU2

—+— LSTM-GRU-LSTM-GRU
—+— LSTM2-GRUZ2 without skip connection

Fig. 6. Results of comparing performance for different versions of the hybrid LSTM-GRU architecture

15 A hyperparameter of the neural network regularization method that determines the probability of unintentional pruning of neurons

during the training process in order to prevent overfitting.
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example, 13.33 dB at an SNR of 0 dB. Adding the
GRU component (the LSTM-GRU configuration)
significantly =~ improves  signal  reconstruction
accuracy, achieving 16.08 dB at 0 dB. The best
performance is demonstrated by deeper architectures,
such as LSTM2-GRU2 with a skip connection
(ResBiILSTM-BiGRU), which achieve maximum
values of 17.07 dB at 0 dB and 25.62 dB, respectively,
for all configurations considered. Although variants
of the LSTM-GRU-LSTM-GRU and LSTM2-GRU2
configurations without a skip connection also perform
well, they are inferior to the LSTM2-GRU2-Res
architecture in terms of stability and absolute metric
values across the entire SNR range.

Figure 7 shows the results of the proposed method
for the following eight types of modulation: BPSK,
QPSK, OQPSK, 8PSK, 16QAM, 64QAM, GMSK,
and OOK. At low input SNRs, 64QAM, 16QAM, and
8PSK demonstrate the lowest efficiency, exhibiting
a lower output SNR, PSNR, and correlation
coefficient, while the MSE is higher. BPSK, GMSK,
and OOK show the best results under the same

35
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30 & QPSK
o 25
©
o 20+
Z
7]
5 157 0
8 .
5 10 ¢ —*— 64QAM
—#— GMSK
0 . ‘ —o— Average
-10 -5 0 5 10
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(a)
40
35
30
%_ 25t
£ 2
2 —— 16QAM
15 —+— 64QAM
1ol —+— GMSK
b — OOK
5r —0— Average
-10 -5 0 5 10
Input SNR, dB

(c)

conditions. As the SNR increases, the difference
between the modulations decreases; however, higher
orders of QAM and 8PSK continue to demonstrate
slightly lower efficiency.

Figure 8 shows some examples of time domain
signal comparisons at different SNR levels after noise
suppression methods have been applied.

CONCLUSIONS

A novel hybrid ResBiLSTM-BiGRU neural network
architecture for noise suppression in digital modulation
signals transmitted over an AWGN channel is proposed.
Experimental results confirm that the proposed model
achieves an average SNR reconstruction improvement
of 2-3 dB compared to RaGAN, and an improvement
of over 10 dB as compared to WT. The model also
demonstrates the lowest MSE values and highest
correlation coefficients across the entire input SNR
range from —10 to 10 dB. The PSNR values additionally
confirm the model’s high signal reconstruction accuracy,
particularly at low SNR levels.
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Fig. 7. Results of evaluating the accuracy of the proposed method for eight types of modulation:
BPSK, QPSK, OQPSK, 8PSK, 16QAM, 64QAM, GMSK, and OOK for different SNR input levels:
(a) output SNR, (b) MSE, (c) PSNR, and (d) correlation coefficient

Russian Technological Journal. 2026;14(4):82-95

92



Hybrid neural network architecture ResBiLSTM-BiGRU for efficient noise Nguyen Van Dung,

suppression in radio channels with digitally modulated signals Phan Trong Hanh
— Channel | — Channel Q
Clean signal
&»".M,’VWMw\l‘w'w\md:’\/’\N\WW i
| | Noisy signal | | |

5]

0. 'i,""",w" il ”‘f‘{”* ! ’”v ‘(”N‘ T u‘h",""w‘.- IR by i W/ Phil! Bl F (0 \‘“
_51

Proposed method

o g "‘\ LN wN“w Wl “\"wWM.
AL
z: 4{““ W “I' i ““ " /{“ l“l W | li'l \ ‘, Aw i ‘J" M‘('\" )

AR A A A M A R AR AR =4
IERRWA Ry W" WA W "'VV"' V ""V'HV

Noisy signal

2.5
0 H\i I H Vil 0 J A YR ""“""”‘l LY |‘| I JH ! f'\ (A AL A "l', ik BT
I I U A ‘ |

-2.5

Proposed method

(1): N ™M ™ M“‘A‘“A A A L —
YRR WA W"' WA W vvv'vvvv WARAAVAATLAIANIY

Amplitude

RaGAN
Iy A M M M A i ARRA AR i a1
11 "vwl" " w "'VY”""'VVVV'HV

0 200 400 600 800 1000
Number of samples

(b)

Fig. 8. Signals after noise suppression by various models for the modulated signal:
(a) 16QAM at SNR = -6 dB and (b) BPSK at SNR =0 dB
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Analysis of the parameters shows that the
optimal configuration has 128 hidden nodes, while
additional nodes increase the dropout rate leading
to a significant reduction in accuracy. Among the
studied architectures, the deep ResBiLSTM-BiGRU
model demonstrates the highest overall efficiency.
These results confirm the effectiveness and promising
potential of the proposed ResBiLSTM-BiGRU hybrid

Future research will focus on integrating
the noise reduction module with the automatic
modulation classification system in order to improve
the overall performance of a radio communication
system.
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