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Аннотация Освещены вопросы повышения эффективности обнаружения 

малоразмерных воздушных объектов на основе применения диффузионных моделей для 

синтеза и восстановления радиолокационных сигналов, формируемых мобильными 

радиолокационными станциями. Предлагаемый подход основан на использовании 

генеративных моделей типа DDPM и score-based моделей для расширения обучающих 

выборок, подавления шумов и улучшения информативности радиолокационных портретов 

объектов. Результатом работы является разработка методики и программно-аппаратного 

модуля в составе малогабаритного интеллектуального радиолокационного комплекса, 

обеспечивающего повышение вероятности обнаружения и точности классификации 

малоразмерных целей. Проведена оценка реализуемости предложенного подхода на 

современной элементной базе и определены его основные характеристики. Предложен метод 

обнаружения и распознавания воздушных объектов, основанный на совместном применении 

диффузионных моделей и алгоритмов глубокого обучения, обеспечивающий устойчивость к 

шумам и дефициту обучающих данных. 

Ключевые слова: радиолокационная станция, DDPM, генеративные модели, синтез 

радиолокационных сигналов, обнаружение воздушных объектов, малоразмерные цели. 

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(𝑥𝑡 ∣ 𝑥𝑡−1) = 𝒩(𝑥𝑡; √1 − 𝛽𝑡 𝑥𝑡−1, 𝛽𝑡𝐼) 

where x0 denotes the original data, xt represents the noisy data at step t, t is the diffusion step 

index, βt is the noise coefficient, N(⋅) denotes the normal (Gaussian) distribution, and I is the identity 

matrix. 

𝑝𝜃(𝑥𝑡−1 ∣ 𝑥𝑡) 

where pθ 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. 

 

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 соответствует требованиям к представлению спектральных 

данных. 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 обеспечивает более стабильное обучение. 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. 

REFERENCES 

[1] Wang Y., Wang Q., Li X. Deep learning for radar signal classification: a review // IEEE Access. – 

2020. – Vol. 8. – P. 197-215. 

[2] Li X., Ling H. Deep learning in radar signal processing and classification // IEEE Signal 

Processing Magazine. – 2021. – Vol. 38. – №2. – P. 19-30. 

[3] Zhu M., Zhang Y., Wang J. Radar target classification based on deep learning: a review // Sensors. 

– 2022. – Vol. 

22. – №3. – P. 1234-1256. 

[4] Chen L., Li Y., Zhou X. Recent advances in radar signal recognition using artificial intelligence // 

Remote Sensing. – 2023. – Vol. 15. – №5. – P. 1120-1135. 

[5] Ho J., Jain A., Abbeel P. Denoising diffusion probabilistic models // Advances in Neural 

Information Processing Systems. – 2020. – Vol. 33. – P. 6840-6851. 

[6] Song Y., Sohl-Dickstein J., Kingma D.P., et al. Score-based generative modeling through 

stochastic differential equations // International Conference on Learning Representations. – 

2021. 

[7] Dhariwal P., Nichol A. Diffusion models beat GANs on image synthesis // Advances in Neural 

Information Processing Systems. – 2021. – Vol. 34. – P. 8780-8794. 

[8] Chen V.C. The micro-Doppler effect in radar. – Boston: Artech House, 2011. 

[9] Zhang J., Wang H., Liu Y. Synthetic radar data generation using diffusion models for target 

recognition // IEEE Access. – 2023. – Vol. 11. – P. 45678-45689. 

[10] Kumar A., Singh R., Patel S. Radar signal denoising and enhancement using deep generative 

models // IEEE Transactions on Aerospace and Electronic Systems. – 2022. – Vol. 58. – №4. – 

P. 3120-3132. 

[11] Rayimjonova, O. S., & Toshpulatov, S. M. (2025). Flyugerlar uchun burchakli siljish o 

‘zgartirgichlarini tahlil qilish va zamonaviy nanolitografik texnologiya tamoyillari. 

Строительство и образование, 4(3), 185-192. 

[12] Райимжонова, О. С., Эргашев, Ш. У., & Тиллабоев, М. Г. (2023). Арсенид 

галлийли афн–элементлар. ЖУРНАЛИ, 234. 



 

509 
 

[13] Райимжонова, О. (2023). Оптоэлектронное измерение сильных токов и сильных 

магнитных полей. Engineering problems and innovations, 1(1), 35-38. 

[14] Tojiboev, I., Rayimjonova, O. S., Iskandarov, U. U., Makhammadjonov, A. G., & Tokhirova, 

S. G. (2022). Analysis of the flow of information of the physical level of internet services in 

multiservice networks of telecommunications. Мировая наука, (3 (60)), 26-29. 

[15] Rayimjonova, O. S., & Nurdinova, R. A. (2024). Boshqarish va nazorat qilish sistemalari uchun 

issiqlik o ‘zgartirgichlarni tadqiq qilish. Al-Farg’oniy avlodlari, (2), 152-157. 

[16] Ergashev, S. U., & Tillaboyev, M. G. (2025). Аномально высокий диотовольтаический 

эффект в тонких пленках арсенид-галлия. Строительство и образование, 4(3), 179-184. 

[17] Muxiddinjon, T. (2024). Pillani namligini o ‘lchishning optoelektron qurilmasi. Al-Farg’oniy 

avlodlari, (4), 189-192. 

[18] Rustambekovich, D. L. (2025). RAQAMLI TASVIRLARNI QAYTA ISHLASHDA 

SHOVQINNI KAMAYTIRISH USULLAR. TADQIQOTLAR, 76(4), 347-352. 

[19] Khalilov, M. M. (2023). Effect of heat treatment on the photosensitivity of polycrystalline 

PbTe films and PbS. Al-Farg’oniy avlodlari, 1(4), 218-221. 

[20] Dalibekov, L. R. (2025). RAQAMLI SIGNALLARNI QAYTA ISHLASHDA FILTRLAR VA 

KODLASH USULLARINING SAMARADORLIGINI TAHLIL QILISH. ZAMONAVIY 

TARAQQIYOT VA FAN: 21-ASR YONDASHUVLARI, 1(1), 194-206. 

[21] Dalibekov, L., & Dalibekova, D. (2025). Telemedicine–a new direction in modern medicine. 

Engineering problems and innovations, 3(1), 30-35. 

[22] Iskandarov, U. U., Makhmudov, I. A., & Iskandarov, N. U. (2026). АНАЛИЗ РАЗВИТИЯ 

СТРУКТУР ТЕХНОЛОГИЙ ОБЛАЧНОЙ СРЕДЫ. Строительство и образование, 5(1), 

139-144. 

[23] Iskandarov, U. U., & Iskandarov, N. U. Study OF the Mechanism OF Voltage Generation in the 

Order OF 12-24 V Potential by Means OF Thermo Emf Based on the Seebeck Effect. American 

Journal of Technology and Applied Sciences, 34, 32-36. 

[24] Turgunov, B., Juraev, N., Toshpulatov, S., Abdullajon, K., & Iskandarov, U. (2021, November). 

Researching of the degradation process of laser diodes used in optical transport networks. In 

2021 International Conference on Information Science and Communications Technologies 

(ICISCT) (pp. 1-4). IEEE. 

[25] Jo’rayev, N. (2023). Ta’lim jarayonlari raqamli transformatsiyasining moxiyati va axamiyati. 

Engineering problems and innovations. 

[26] Muxammadyunusovich, X. M., Rustamovich, D. L., & Qizi, M. R. A. (2024). Optik tolalarda 

signallarni yo ‘qolishini oldini olish va axborot xavfsizligi ta’minlash. Al-Farg’oniy avlodlari, 

(2), 129-131. 



 

510 
 

[27] Khalilov, M. M. (2023). Effect of heat treatment on the photosensitivity of polycrystalline 

PbTe films and PbS. Al-Farg’oniy avlodlari, 1(4), 218-221. 

[28] Komilov, A. O. (2025). Оптоэлектронный датчик для контроля геотермальных газов. 

Строительство и образование, 4(3), 295-300. 

[29] Komilov, A. O. (2018). Selection of the composition and structure of the energy complex. 

Математическое и информационное моделирование: сборник научных трудов.–Тюмень, 

2018.–Вып. 16. 

[30] Makhmudov, I. A., & Isroiljonova, G. S. (2021). THE PACKAGE MULTISERVICE 

SERVICES IN 

NGN. Academic research in educational sciences, 2(6), 989-994. 

[31] Tojiboev, I., Rayimjonova, O. S., Iskandarov, U. U., Makhammadjonov, A. G., & Tokhirova, 

S. G. (2022). Analysis of the flow of information of the physical level of internet services in 

multiservice networks of telecommunications. Мировая наука, (3 (60)), 26-29. 

[32] Райимжонова, О. (2023). Оптоэлектронное измерение сильных токов и сильных 

магнитных полей. Engineering problems and innovations, 1(1), 35-38. 

[33] Rayimjonova, O. S. (2022). Investigation of cluster-type inhomogeneity in semiconductors. 

American Journal Of Applied Science And Technology, 2(06), 94-97. 

[34] Iskandarov, U. U., Ergasheva, M. F., & Madaminov, M. R. (2025). “O ‘zbekiston pochtasi” aj 

Farg ‘ona filialida “smart logistics” tizimini joriy qilish mexanizmlarini ishlab chiqish. 

Строительство и образование, 4(3), 248-252. 

[35] Khusanova, S. S., Tajibayev, I. B., & Tillaboyev, M. G. (2023). How to connect two or more 

tvs to a digital set-top BOX. International Journal of Advance Scientific Research, 3(10), 109-

116. 

  


