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PEJIKOJIEI'IA:
% KaHAUAAT TEXHIYHUX HAYK, JOLCHT, HAYaJlbHUK
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acie 10 kadeapu nuBiIbHOTO 3axucty, JIJITYBX]]
Poman SKOBUYK JIOKTOP TEXHIYHUX HayK, JOLEHT, HaYaJbHUK

(dakynpTery nuBiabHOTO 3axucty JIJIYBX]]

KaHauaaT (i3uKo-MaTeMaTUYHUX HAyK, IOIICHT,
Oasra MEHBILIMKOBA 3aCTYNMHUK HayajdbHUKa (aKyJIbTeTy IUBUIBHOTO

3axucty, JIJIYBXK]I

KaHAWJAT TEXHIYHUX HaAyK, JOLIEHT, 3aCTyIHUK

Anpapiii TABPUCH HadabHUKAa KadeIpd IUBUIBHOTO  3aXHUCTY,
JIAYBX]]
Oaexcanap KaHAWAAT TEXHIYHUX HayK, JOLEHT, JMJOILICHT
CHUHEJIBHIKOB kadeapu nuBUIbHOTO 3axucTy, JIYBXK]]
. KaHIUJAT TEXHIYHUX HayK, JOIEHT, JOIEHT
Annpiii FABPUITIOK kadenpu nuBibHOTO 3axucty, JIAYBX]]
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. . KaHIUJAT TEXHIYHUX HayK, JOIEHT, JOIIEHT
Annpiii TAPHABCHKIM kadenpu nuBUIbHOTO 3axucTy, JIYBXK]]
, - CTapuii  BUKJaAad  Kadeapu  LHUBUIHHOIO
Map’an JIABPIBCBKUH saxuery, JUTYBXKI
Ounexcanap cTapmuii  BUKIaAad  Kadeapu  IHUBUIHHOTO
JIIOBOBELIbKUH saxucry, JIIYBX]]
BUKJIQJad  Kadeapu  IHUBUIBHOTO  3axXHCTY,
Bosgogumup PUXBA JYEXIL
BUKJIaJa4  Kadeapu  UUBUIBHOTO  3aXHUCTY,
Ouaexkcanapa IEKAPCBKA JUTYBKT
Maxkcum BUKJIQJad  Kadeapu  IHUBUIBHOTO  3axXHCTY,
JOBI'AHOBCBKHNU JITYBX]]
Bikropist ®LIIMIMOBA BUKJIaMa4  KadeApu  UUBUIBHOTO  3aXUCTY,

JITYBXK]T

VY 30ipHuky Te3 I MixHapogHOi HaykoBO-MpakTHUHOI KoH(pepeHuii «L{MBUIbHMIA 3axuCT B
yMOBax BIHM» BHUCBITJIEHO OCBIJ Cy4aCHUX TEHJICHIIM W BUKIMKIB B Opraizaiii IHUBIJILHOTO
3aXHCTYy B YMOBAaXx BiifHH, a TaKOX ()OPMyBaHHSI OCHOBHHMX HAIpSIMKiB BIIOCKOHAJICHHS Ta PO3BUTKY
CHCTEMH IUBUTFHOTO 3aXUCTY.

Jlis HayKOBUX, HAYKOBO-TIENAroriyHMX Ta MEJaroriyHUX TMpaIliBHUKIB 3aKIajiB OCBITH,
MpaliBHUKIB HAyKOBHUX, BUPOOHMUYMX ycTaHoB, miapo3autiB JICHC VYkpainu, mnpencTtaBHUKIB
Jiep>KaBHUX Ta MICIIEBUX OpraHiB BJIJM, TPOMAACHKHX 1 mpodeciiiHux opraHizamiil Ta 3100yBayiB
OCBITH.

Aemopu Hecymov o0coducmy 6i0OnoeioanvHiCmMb 3a 3MICH RPEOCHABIeHUX
nyonikayiii, 00cmogipHicmo pe3yabmamiec i OOMPUMAHHA BUMO2 AKAOEMIUHOT
0obpouecnocmi. Opzkomimem He Hece 8i0N0GIOATbHOCHI 3a NOPYUIEHHA NPAGUIL

npaeonucy é 0pyl<06auux aemopcbKux Mamepiaﬂax.
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DEEP LEARNING-DRIVEN AUDIO STEGANOGRAPHY FOR SECURE STATE-LEVEL
COMMUNICATION: CHALLENGES AND STRATEGIC POTENTIAL

0O.-S. I. Maletsl, O. O. Smotr
Lviv State University of Life Safety, Lviv

The integration of deep learning into audio steganography presents transformative
possibilities for secure state-level communication, particularly in domains such as military
operations and critical infrastructure systems. Audio steganography refers to the technique of
concealing information within an audio carrier in such a way that the presence of the hidden
message is undetectable to the human auditory system. Unlike encryption, which protects the
content of a message but reveals its existence, steganography provides a complementary form of
security by ensuring that sensitive data transmission remains covert. Traditional audio
steganographic methods, such as Least Significant Bit (LSB) embedding, have been widely used
due to their simplicity and minimal computational requirements. These approaches typically allow
embedding of approximately 176 kB of hidden data per minute in a 44.1 kHz, 16-bit stereo audio
file, depending on the compression ratio and embedding density. However, they suffer from
significant vulnerabilities, including low robustness to signal manipulation (e.g., filtering,
compression), limited payload capacity, and an inability to adapt dynamically to changes in the
communication environment [1,2].

Deep learning offers a paradigm shift in this space by enabling intelligent, context-aware
audio embedding and extraction mechanisms. Neural network architectures—such as convolutional
neural networks (CNNSs), recurrent neural networks (RNNs), and transformers—allow the model to
analyze both local and global signal characteristics to identify optimal regions for data insertion.
For instance, CNNs are particularly effective at learning spectral features of audio signals in the
frequency domain, making them suitable for embedding data in perceptually insignificant regions.
RNNs and LSTMs (Long Short-Term Memory networks) can exploit temporal dependencies to
maintain consistency and coherence in the steganographic signal across time. More recently,
transformer-based models, originally developed for natural language processing, have been adapted
to audio due to their ability to capture long-range dependencies and dynamically reweight feature
importance using attention mechanisms [3,4]. These advancements not only increase embedding
efficiency and reduce signal degradation but also facilitate training of highly generalizable models
capable of operating across a variety of audio formats and signal types.

An emerging trend in this field is the use of generative adversarial networks (GANS) to create
more robust steganographic systems. In such setups, a generator network encodes data into an audio
file while a discriminator attempts to detect the presence of hidden information. By training both
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networks simultaneously in an adversarial manner, the system becomes increasingly capable of
producing stego-audio that closely mimics the distribution of natural audio, thereby improving
undetectability and resilience against steganalysis [5,6]. Additionally, autoencoders and variational
autoencoders (VAEs) are employed for end-to-end encoding-decoding workflows, enabling joint
optimization of the steganographic payload, audio quality, and noise resilience. These systems often
incorporate error-correction schemes and signal quality monitoring during both encoding and
decoding, allowing them to operate effectively in real-world transmission conditions that include
packet loss, dynamic bitrates, and variable environmental noise.

From a performance perspective, deep learning-based methods can increase data payloads by
up to 20-25%—achieving 210-220 kB per minute—without significantly compromising audio
quality. More importantly, these models are able to preserve perceptual transparency even under
lossy compression schemes such as MP3 or AAC, where traditional LSB methods often fail.
Furthermore, these systems exhibit strong adaptability: by monitoring signal distortions during
transmission, some models can dynamically adjust embedding strategies using online learning or
reinforcement learning techniques. For example, in a battlefield communication scenario, an Al-
driven steganographic model could automatically reduce embedding density in high-noise
conditions to maintain signal intelligibility while preserving the covert channel.

The strategic applications of such techniques are broad and critically important. In military
communications, deep learning-based audio steganography allows encrypted messages or mission-
critical metadata to be embedded into ordinary-sounding voice transmissions or music files, evading
detection by adversarial surveillance systems. Similarly, in critical infrastructure domains—such as
energy grids, transportation systems, and water treatment facilitiess—SCADA commands can be
covertly transmitted over secured but publicly observable networks, thus protecting command
integrity while reducing exposure to cyber-attacks. These methods provide a covert security layer
that can operate in tandem with traditional cryptographic systems, offering both deniability and
resilience. For example, in a scenario involving cross-border field communications, soldiers could
transmit encoded situational updates embedded within standard operational radio chatter, ensuring
that even intercepted signals do not reveal sensitive intent or structure.

Despite their potential, deep learning-based steganographic systems are not without
limitations. One key concern is the computational overhead involved in training and deploying
high-capacity models, particularly in constrained environments such as embedded systems or
mobile devices. Moreover, model interpretability remains a challenge; many of these systems
operate as black boxes, making it difficult to guarantee consistent behavior across unseen inputs.
Finally, adversarial attacks targeting the stego-system—such as adversarial perturbations or model
inversion—pose ongoing risks and require continuous research to develop robust countermeasures.

In conclusion, the synergy between deep learning and audio steganography represents a
significant advancement in the secure transmission of state-sensitive data. By leveraging neural
networks’ ability to learn complex representations of audio and adapt to environmental noise and
variability, these systems offer a scalable, covert, and resilient platform for communication under
high-risk or adversarial conditions. As the geopolitical and cyber threat landscape continues to
evolve, the importance of such techniques will only grow—positioning deep learning-based
steganography as a cornerstone of next-generation information security infrastructures.
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