APPLICATION OF DIFFUSION MODELS FOR RADAR SIGNAL SYNTHESIS AND
IMPROVEMENT OF OBJECT DETECTION QUALITY
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AHHoTanusi  OcBelleHbl  BONPOCHl  MOBBIMIEHUS  A(Q(EKTUBHOCTH  OOHapyKEHUs
Majopa3MepHbIX BO3AYIIHBIX OOBEKTOB Ha OCHOBE MpHUMEHEHUs IUG(GY3HOHHBIX MoJened s
CHUHTE€3a M BOCCTAaHOBJEHHUS pAJUOJIOKAIIMOHHBIX CHUTHAJIOB, (OPMUPYEMBIX MOOMIBHBIMU
paanuoJIOKaOMOHHBIMH  CTaHIUAMMU. Hpe)maraeMHﬁ IIoaX0oJa OCHOBAH Ha  HCIOJIB30BAHUU
reHepaTuBHbIX Mojeneir tTuna DDPM wu score-based momeneit s pacmmpenus: oOydarommx
BBIOOPOK, TOJABJICHHS IIYMOB M YIYYIICHUS MH()OPMATUBHOCTH DPATHUOJIOKAITMOHHBIX IMOPTPETOB
00bekTOB. PesynpTaToM paboOTHl SBISIETCS pa3pabOTKa METOJUKH M MPOTPaMMHO -aIapaTHOTO
MOOylId B COCTaB€ MaJ'IOFa6apI/ITHOFO HHTCJUICKTYAJIBHOTO PaJWOJIOKAIITUOHHOI'O KOMILJICKCA,
00€CIIeunBaroOIero TOBBIIIEHUE BEPOSTHOCTH OOHAPY)KEHHMsI W TOYHOCTH KIaccH(HUKaAIn
Maliopa3MepHbIX 1enen. [IpoBeneHa oOlLEHKAa peaM3yeMOCTH MPEII0KEHHOTO MOJX0/a Ha
COBpeMeHHOP'I SJIEMEHTHOH Oase u OIMpE€ACIICHBI €I'0 OCHOBHBIC XapaKTCPHUCTUKH. HpezmoxceH METO
O6H3py>KCHI/I}I 1 pacliO3HaBaHUA BO3AYIIHBIX O6’B€KTOB, OCHOBAHHBII HA COBMECTHOM IIPUMCHCHHUU
muhOY3MOHHBIX MOJICJICH U aJITOPUTMOB TIIyOOKOT0 00ydeHHUs, 00eCIIeUYnBarOIINN YCTOMUYNBOCTD K
myMaMm ® 1e(puIuTy o0yJaroniux JaHHbIX.

KiroueBbie cjioBa: paauonokanuonHas ctanius, DDPM, renepatuBHbIC MOIEIH, CHHTE3
PaIdrOJIOKAIIHOHHBIX CUT'HAJIOB, 06Hapy>KeHHe BO3YHIHBIX O6’beKTOB, MaJIOPasMCPHLIC LICJIN.

Abstract: This paper addresses the problem of improving the efficiency of detecting small-
sized aerial objects through the application of diffusion models for the synthesis and reconstruction
of radar signals generated by mobile radar systems. The proposed approach is based on the use of
generative models, including DDPM and score-based models, to expand training datasets, suppress
noise, and enhance the informativeness of radar signatures of objects. The result of the study is the
development of a methodology and a hardware-software module as part of a compact intelligent radar
system, providing increased detection probability and improved classification accuracy of small-sized
targets. The feasibility of implementing the proposed approach using modern electronic components

has been evaluated, and its key characteristics have been determined. A method for detection and
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recognition of aerial objects is proposed, based on the combined use of diffusion models and deep
learning algorithms, ensuring robustness to noise and limited training data.

Keywords: radar system, DDPM, generative models, radar signal synthesis, aerial object
detection, small-sized targets.

Introduction

The use of radar systems for airspace surveillance has become widespread over the course of
their development and is actively applied in both military and civilian domains. Under modern
conditions, radar systems serve as a key tool for preventing man-made disasters by enabling timely
detection and monitoring of aerial objects of various origins [1; 2]. The main advantages of radar
technology include wide-area coverage, up to full 360-degree scanning capability, long detection
ranges achieved through control of energy and frequency parameters, as well as all-weather and round-
the-clock operation. At the same time, modern radar systems are characterized by several limitations,
including high implementation complexity, significant size and weight, and increased requirements
for operator qualification [3-5].

The current stage of radar system development is associated with the integration of intelligent
signal processing methods aimed at automating decision-making and reducing the impact of the
human factor. One of the most promising directions is the use of generative deep learning models,
particularly diffusion models, which enable the synthesis of radar signals, reconstruction of noisy
data, and expansion of training datasets. This leads to improved informativeness of radar signatures
and enhances the quality of subsequent detection and classification of objects [6]. In classical radar,
three levels of information processing are distinguished: primary, secondary, and tertiary. At the
primary processing stage, the task is to detect useful signals against a background of noise and
interference. The integration of diffusion models improves filtering and signal reconstruction
efficiency through stochastic reverse processes (denoising), thereby reducing false alarm probability
and increasing system sensitivity.

Secondary processing is aimed at determining the coordinates of detected objects (range,
azimuth, elevation angle), where modern algorithms provide high-precision automation of this stage.
The use of synthetically generated data obtained through diffusion-based approaches enhances the
robustness of algorithms to variations in observation conditions. At the tertiary processing stage, the
task of object recognition and classification is addressed. Traditionally, this requires highly qualified
operators; however, the application of deep learning methods combined with diffusion models
enables the formation of more informative radar representations and the automation of the
identification process for man-made objects. As a result, classification accuracy is improved and

operator workload is reduced, which is critically important for modern intelligent radar systems.
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Methods

The solution to the problem of classifying aerial objects in radar systems is based on the analysis
of trajectory and signal features, including velocity, direction of motion, trajectory shape, and
parameters of the reflected signal. The most informative representation is the spectral domain, which
makes it possible to identify characteristic structural features, including the presence of side
components that distinguish objects of natural and man-made origin [8-10]. To automate the
recognition process, an approach is employed in which the input to the model is a digitized spectrum
of the reflected signal, represented as a two-dimensional image of fixed size. This representation
enables the application of deep learning methods designed for image processing. To improve training
efficiency and compensate for the lack of data, a diffusion model is used, implementing a generative
process for synthesizing spectral signatures.

q(xe | xe-1) = N(xe; N1 — Be xe-1, Bel)

where xo denotes the original data, x: represents the noisy data at step t, t is the diffusion step
index, Bt is the noise coefficient, N(-) denotes the normal (Gaussian) distribution, and I is the identity
matrix.

po(xt—1 | xt)

where p0 is a parameterized neural network that implements the reconstruction process.

The model is trained by sequentially adding noise to the original data and recovering the initial
distribution using a reverse denoising procedure. This approach enables the generation of new samples
that preserve the statistical properties of real radar signals. The generated spectral representations are
used to augment the training dataset and improve the robustness of the classifier to variations in
observation conditions and noise interference. Representing data as images with dimensions
equivalent to the original spectral signatures ensures compatibility with neural network architectures

and enables efficient integration of generative and discriminative processing stages.
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Figure 1. The diffusion model process.
The generation of spectral signatures of radar signals is implemented using a diffusion model
architecturally adapted for processing two-dimensional spectral representations. At the initial stage,

the input data undergo symmetric reflection at the boundaries, which allows accounting for edge pixel
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information and reduces distortions during subsequent convolution operations. In the core part of the
model, a sequence of convolutional layers is applied to extract features from the spectral image.
Convolution kernels of fixed size are used to capture local frequency and amplitude characteristics of
the signal. Inter-layer normalization is performed using instance normalization, which stabilizes the
distribution of activations and enables independent channel calibration. The ReLU activation function
is employed to highlight significant positive components of the spectral representation. During the
denoising process, characteristic of diffusion models, operations functionally analogous to transposed
convolutions are used to gradually restore the spatial resolution of the spectral image. At the final
stage, the hyperbolic tangent activation function is applied, ensuring normalization of output values
within the range [-1, 1], which cootBeTcTByeT TpeOOBaHUSIM K MPEACTABICHHUIO CHEKTPaIbHBIX
nanubIx. The quality assessment of generated spectral signatures is performed using a discriminative
model that compares synthetic and real data. This model consists of a sequence of convolutional
layers with the LeakyReLU activation function, which preserves information about weak negative
variations and obGecmeunBaeTr Gonee crabunbHOoe oOyuenue. Both real spectral images and those
synthesized by the diffusion model are used as input, forming the basis for evaluating their statistical
consistency.

The proposed architecture enables the generation of spectral data that closely matches the
distribution of real radar signals and can be effectively used to augment training datasets and improve
the performance of subsequent detection and classification tasks for aerial objects.

Results

To stabilize training and improve the quality of synthesized spectral representations,
InstanceNorm2D normalization is applied within the model architecture. This approach ensures
independent channel calibration based on the estimation of mean and standard deviation within each
data instance. As a result, generation stability is enhanced and the statistical consistency between
synthetic and real spectra is improved.

The developed architecture includes a sequence of convolutional layers that extract features
from spectral signatures using varying parameters. At the final stage, an output layer is employed to
estimate the correspondence between the generated spectrum and the real data distribution. The input
data are represented as multi-channel spectral images, while the model output is interpreted as the
probability of belonging to the real distribution of radar signals.

Simulation results demonstrate that the diffusion model is capable of generating spectral
signatures that are statistically consistent with real data. The synthesized spectra reproduce key
characteristics of reflected signals, including the structure of side components, confirming the

adequacy of the proposed approach for augmenting training datasets.
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The use of generated data enables the formation of a representative dataset for training
classification models for aerial object recognition. This leads to improved accuracy of automated
classification and reduces dependence on subjective factors associated with operator-based analysis.

The integration of the proposed approach into the hardware-software architecture of a mobile
intelligent radar system enables real-time visualization of recognition results, including the display
of coordinate and classification attributes of detected objects. The obtained results demonstrate correct
classification of targets as man-made objects based on the analysis of spectral characteristics.
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