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ABSTRACT 

In this article, we propose a generative model based on the adversarial network structure to 

enhance images for the RAD-DAR multi-target dataset. The results of comparisons and 

evaluations indicate that the images generated by the proposed method exhibit a high degree of 

similarity to the original images. The experimental process also demonstrates that a deep neural 

network model trained on the augmented dataset achieves higher accuracy in multi-target 

recognition compared to a model trained on the original dataset. The proposed data generation 

model serves as an effective solution to address the data scarcity issue in multi-target datasets. 
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1. INTRODUCTION 

Deep neural networks (DNNs) have made significant strides in various application domains, 

particularly in the realm of object classification within images. In the field of radar applications, 

scientists and researchers have increasingly turned their attention to DNNs, specifically for the 

task of target recognition. DNNs excel in automatically extracting features from radar images, 

thereby enhancing the accuracy of target recognition. However, it is crucial to note that the 

efficacy of deep learning models in discerning features is contingent upon a substantial volume 

of labeled radar data. The process of labeling radar targets is intricate, involving manual 

execution by radar operators or automated methods through a sensor system seamlessly 

integrated with radar technology and specialized software [1]. Unfortunately, this labeling 

procedure is resource-intensive, time-consuming, and costly due to its reliance on manual efforts 

or sophisticated systems. Additionally, the scarcity of radars equipped to output radar images and 

integrate effective target labeling tools further constrains this process. 

Presently, the labeled radar datasets available primarily consist of small-range, civil radar 

datasets, often employed in automotive driving assistance systems [2, 3]. The limited availability 

of radar datasets poses a significant hindrance to the effective application of artificial intelligence 

technology in addressing radar signal processing challenges [4]. A viable strategy to overcome 

this limitation is through the implementation of data augmentation [5], a technique designed to 

enlarge the training set by generating diverse modified data from the existing dataset. This 

approach proves instrumental in mitigating the scarcity of labeled radar datasets, thereby 

enhancing the robustness and effectiveness of artificial intelligence models in radar signal 

processing applications. 

Numerous algorithms can be considered for radar data generation, including methods such as 

flipping along the azimuth axis, translation along the distance or azimuth axis [4], the random 

selection cutting method [6], adjustment of noise intensity [7], and alteration of the intensity of 

all pixels [7]. Notably, the utilization of a Generative Adversarial Network (GAN) [8] stands out 

as an effective strategy for augmenting training data in the context of deep learning models 

tasked with automated radar target recognition. This approach has proven instrumental in 

substantially enhancing model accuracy [1], [9-11]. 



 

 

 

 

 

Nghiên cứu khoa học công nghệ  

 

Tạp chí Nghiên cứu KH&CN quân sự, 93 (2024), 12-18 13 

In this article, we propose a novel data generation model based on the GAN structure, aiming 

to generate radar target images within the range-Doppler domain of the RAD-DAR dataset. A 

comprehensive comparison and evaluation of the proposed method's effectiveness are 

subsequently conducted. The rest of paper is organized as follows: Section 2 described the 

structure of the proposed model utilized for data augmentation. The process of comparing and 

evaluating the effectiveness of our method is detailed in section 3. Finally, section 4 concludes 

the research results and outlines potential future directions for this research. 

2. PROPOSED MODEL FOR RANGE-DOPPLER RADAR TARGET DATA 

AUGMENTATION 

2.1. Model’s structure 

In this article, we propose an image generation model based on the adversarial generative 

network structure (named RDGenGAN) to enhance Range-Doppler images of the RAD_DAR 

dataset. The model consists of two main components: the generator and the discriminator. The 

generator is responsible for generating fake output data similar to real data to trick the 

discriminator. After each training cycle, the process of updating the model weights makes the 

output image of the generated model more similar to the real image. The discriminator learns to 

distinguish between fake data generated from the generator and real data. The discriminator acts 

like a grading teacher, informing the generator whether the way it generates data is sophisticated 

enough to pass the discriminator and if not, the generator needs to continue learning to create a 

more realistic image. Simultaneously, the discriminator must also improve its discrimination 

ability because the image quality created by the generator becomes increasingly realistic. 

Throughout the training process, both the generator and the discriminator enhance their abilities. 

Figure 1 illustrates the general structure and training process of the GAN model. 

 

Figure 1. General structure and training process of the GAN model. 

The generator receives a random vector of a fixed length and generates a fake radar target 

image. This vector is randomly generated from the Gaussian distribution and is utilized to 

initialize the generation process. Once the generator is trained, the points in this 

multidimensional vector space will align with the points from the real data, conforming to the 

natural data distribution. The generator of the proposed RDGenGAN model has a general 

structure comprising three main components: an input block, a convolution block, and an output 

block, as depicted in figure 2. 

The discriminator is responsible for determining whether the input image is real or fake. The 

output of the detector will be classified as real if the input image is taken from the training 

sample set and as fake if it is derived from the output of the generator. Essentially, this is an 

ordinary binary classification model. Figure 3 illustrates the architecture of the discriminator in 

the proposed RDGenGAN model. In terms of structure and function, the discriminator is similar 
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to a CNN (Convolutional Neural Network) model that classifies two different objects. The 

structure of the discriminator includes three main blocks: an input block, a feature extraction 

block, and an output block. 

 

Figure 2. The genenator structure of the proposed RDGenGAN model.  

 

Figure 3. The discriminator structure of the proposed RDGenGAN model.  
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2.2. Loss Functions 

The symbol z is the input noise of the generating model, x is the real data from the dataset.. 

The generator symbol is G, the discriminator is D. G(z) is the image generated from the 

generator. D(x) is the prediction value of the discriminator whether image x is real or not, 

D(G(z)) is the prediction value whether the image generated from the generator is real or not. 

The GAN model includes two components (generator and discriminator) with different tasks, so 

the loss function for the GAN model also includes two components for the generator and 

discriminator, respectively. 

The discriminator's loss function wants to maximize the value D(x) and minimize the value 

D(G(z)). The minimum value D(G(z)) is equivalent to the maximum value (1 – D(G(z))). 

Therefore, the loss function of the discriminator is described in formula (1). 

~ ( ) ~ ( )max ( ) [logD(x)] E [log(1 D(G(z)))]
data zx p x z p zV D = + −                          (1) 

During training, the generator will learn to fool the discriminator that the output image it 

generates is a real image, or that D(G(z)) approaches the value 1. Or the loss function wants the 

value D(G(z)) to be the largest, which means the value (1 – D(G(z))) is the smallest. Equation (2) 

describes the loss function of the generator. 

~ ( )min (G) E [log(1 D(G(z)))]
zz p zV = −                                   (2) 

The loss function of the GAN model is a function that simultaneously combines the loss 

function of the discriminator and the generator as described in formula (3). From the loss 

function of the GAN model, it can be seen that the training of the generator and the detector are 

opposite, while D tries to maximize the loss value, G executes to maximize the loss value. 

minimize this value. The GAN network training process ends when the model reaches the 

equilibrium state of the two generators and detectors. 

~ ( ) ~ ( )minmax ( , ) [logD(x)] E [log(1 D(G(z)))]
data zx p x z p z

G D
V D G = + −                  (3) 

3. TESTING AND EVALUATION 

3.1. Evaluation methods 

To objectively evaluate the effectiveness of the proposed method, the article evaluates three 

different datasets: the original RAD-DAR dataset, the dataset enhanced with images generated 

by the image processing method (combination of 3 methods: image flipping, light intensity 

adjustment, background noise level adjustment) and the dataset is enhanced by the proposed 

RDGenGAN model. Despite great strides in the theoretical advancement of data image 

generation algorithms, evaluating and comparing the generated image sets with the original 

images is still a difficult task [12]. In this study, the augmented data are evaluated by using 

image comparison indices and experiment results. 

3.2. Evaluation is based on image comparison indices 

The article uses Frechet Inception Distance (FID) [12] and the Nearest Neighbor (NN) index 

to evaluate the similarity and overlap of the original image set and the generated samples as the 

authors in the study [13] proposed. Table 1 shows the FID and NN indices calculated from the 

original dataset with different generated imagesets. The image sets for comparison all have the 

same number of 1200 images. In particular, the image set generated by the image processing 

algorithm created from images in the original image set includes 400 images created by image 

flipping, 400 images created According to brightness adjustment, 400 images are created after 

adding noise to the original image. Two sets of images are generated from the RDGenGAN 

model with training cycles 20 and 25 repectively. A set of 1200 images randomly select from the 
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RAD-DAR dataset is used as the basis for evaluating the quality of the augmented images.   

The results in table 1 show that the image created by the image processing algorithm has the 

lowest value of 0.23 that means this image set has the highest similarity compared to the original 

dataset. However, the NN index of this image set has a value of 1.24, relatively close to the value 1, 

showing that this image set is too similar and is copied from the original dataset. With the image 

set created by the RDGenGAN model, the FID and NN indices are quite close to the indices when 

comparing two image sets in the same RAD-DAR dataset. This proves that the image set generated 

from the RDGenGAN model is not a copy but is created based on the characteristics of the original 

image set. In particular, the image set of the RDGenGAN model with a number of epochs of 20 

gives the most similar FID and NN values of 0.763 and 5.95, respectively.  

Table 1. The results of evaluation measure on augmented datasets.  

Dataset FID NN 

1200 images RAD-DAR 0.626 6.18 

1200 images generated by the image processing 

algorithm 
0.237 1.24 

1200 images generated by RDGenGAN 20 Epochs 0.763 5.95 

1200 images generated by RDGenGAN 25 Epochs 0.884 8.71 

3.3. Experimental results 

The article installs the deep learning neural network model RINet [14] and trains the model 

with the original RAD_DAR data sets, the data set is increased by the image processing 

algorithm and by the RDGenGAN image generation model. Table 2 shows the results of 

evaluating the radar target recognition accuracy of the RINet neural network model on the 

corresponding data set. Those results indicate that the target recognition accuracy of the RInet 

model is improved when the training data is augmented with simulated target images. When 

using a dataset enhanced by image processing algorithms (flipping, adjusting light intensity, 

adding noise), the quality of target recognition is improved compared to when using the original 

dataset. Specifically, accuracy increased by 2.18%, loss decreased by 6.38%. Using data 

augmented by the proposed RDGenGAN model get the best result compared to using original 

data and data augmentation by image processing methods. Specifically, the accuracy is 97.56% 

increased by 3.2%, the loss is 6.16% decreased by 10.52% compared to result when using 

original data. 

Table 2. The Comparison the target recognition results of the RINet model. 

Dataset Accuracy (%) Loss (%) 

RAD_DAR 94.36 16.68 

RAD_DAR + tập ảnh theo thuật toán xử lý ảnh 96.54 10.3 

RAD_DAR + RDGenGAN  97.56% 6.16% 

Figure 4 and figure 5 are the results of the accuracy and loss during training and testing of the 

RINet model on the original dataset and the dataset augmented by the proposed RDGenGAN 

model. The RINet model stops training at 16 and 30 epochs for the two dataets, respectively. It 

shows that applying the RDGenGAN model to data augmentation will help the RINet model 

increase the number of training cycles before encountering the Overfitting problem. The increased 

number of training cycles is responsible for improving the model's target recognition accuracy. 
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Figure 4. Illustration of results the of RINet model on the RAD_DAR dataset. 

 (a) Accuracy, (b) Loss. 

 

Figure 5. . Illustration of results the of RINet model on the RAD_DAR dataset augmented by the 

RDGenGAN. (a) Accuracy, (b) Loss. 

4. CONCLUSIONS 

Overall, in this article we propose a model for radar target image generation based on the 

GAN structure. Various radar target image sets, including the original RAD_DAR image set, an 

image set enhanced by image processing algorithms, and an image set improved by the proposed 

model, are evaluated and compared using image comparison indices and experimental processes. 

The comparison results reveal that the images generated by the RDGenGAN model proposed in 

this study exhibit a high degree of similarity to the original images. Training the neural network 

model on the augmented dataset significantly enhances the accuracy of radar target recognition. 

Our future work involves comparing GAN models with different CNN structures to identify the 

most suitable architecture for the image generation model. 
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TÓM TẮT 

Nâng cao chất lượng nhận dạng mục tiêu ra đa dựa vào mạng sinh đối nghịch GAN 

Trong bài báo này, chúng tôi đề xuất một mô hình sinh ảnh theo cấu trúc mạng sinh 

đối nghịch nhằm tăng cường ảnh cho tập dữ liệu mục tiêu ra đa RAD-DAR. Kết quả của 

các phép so sánh, đánh giá chỉ ra rằng các ảnh được tạo ra bởi phương pháp đề xuất có 

sự tương đồng cao so với ảnh gốc. Quá trình thực nghiệm cũng cho thấy mô hình mạng 

nơ-ron học sâu huấn luyện trên tập dữ liệu tăng cường có độ chính xác nhận dạng mục 

tiêu ra đa cao hơn so với mô hình huấn luyện trên tập dữ liệu gốc. Mô hình sinh dữ liệu 

bài báo đề xuất là một giải pháp hiệu quả để khắc phục tình trạng thiếu hụt dữ liệu trong 

các tập dữ liệu mục tiêu ra đa. 

Từ khóa: Tập dữ liệu; Nhận dạng mục tiêu; Mạng sinh đối nghịch; Học sâu; Tăng cường dữ liệu. 
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