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Abstract: Radar radiation source recognition technology is vital in electronic countermeasures, elec-
tromagnetic control, and air traffic management. Its primary function is to identify radar signals
in real time by computing and inferring the parameters of intercepted signals. With the rapid ad-
vancement of Al technology, deep learning algorithms have shown promising results in addressing
the challenges of radar radiation source recognition. However, significant obstacles remain: the
radar radiation source data often exhibit large-scale, unbalanced sample distribution and incomplete
sample labeling, resulting in limited training data resources. Additionally, in practical applications,
models must be deployed on outdoor edge computing terminals, where the storage and computing
capabilities of lightweight embedded systems are limited. This paper focuses on overcoming the
constraints posed by data resources and edge computing capabilities to design and deploy large-scale
radar radiation source recognition algorithms. Initially, it addresses the issues related to large-scale
radar radiation source samples through data analysis, preprocessing, and feature selection, extracting
and forming prior knowledge information. Subsequently, a model named RIR-DA (Radar ID Recog-
nition based on Deep Learning Autoencoder) is developed, integrating this prior knowledge. The
RIR-DA model successfully identified 96 radar radiation source targets with an accuracy exceeding
95% in a dataset characterized by a highly imbalanced sample distribution. To tackle the challenges
of poor migration effects and low computational efficiency on lightweight edge computing platforms,
a parallel acceleration scheme based on the embedded microprocessor T4240 is designed. This
approach achieved a nearly eightfold increase in computational speed while maintaining the original
training performance. Furthermore, an integrated solution for a radar radiation source intelligent
detection system combining PC devices and edge devices is preliminarily designed. Experimental
results demonstrate that, compared to existing radar radiation source target recognition algorithms,
the proposed method offers superior model performance and greater practical extensibility. This
research provides an innovative exploratory solution for the industrial application of deep learning
models in radar radiation source recognition.

Keywords: radar target identification; deep autoencoders; imbalanced dataset; DNN hardware
adaptation; edge artificial intelligence

1. Introduction

In the era of information warfare, non-contact electronic reconnaissance plays a piv-
otal role. Common electronic reconnaissance methods efficiently acquire the relevant
electromagnetic parameters of enemy radar platforms and radar radiation sources. These
parameters facilitate the subsequent analysis, identification, and localization of local radars
and their platforms [1,2]. With the advancements in information processing and radar
technologies, radars have embraced diverse and dynamic waveform designs to augment
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performance and anti-interference capabilities [3]. As a result, there is a significant degree
of overlap between radiation sources in the same frequency band and time, and the range
of spectrum overlap is widening, thereby generating a complex electronic warfare environ-
ment. While we have made tremendous progress in Al, some limitations prevent many
approaches from reaching industrial applications [4]. Firstly, the frequent updates and
limited availability of large-scale radar radiation source signal databases, along with the
prior knowledge of radar signals, pose challenges to the effectiveness and accuracy of radar
radiation source identification models, especially in the context of emerging radar systems
such as active phased arrays, frequency agility, multi-functionality, and three-dimensional
coordinates [5]. Addressing the limitations of training data resources encountered in
large-scale radar radiation source identification, how to effectively extract relevant prior
knowledge from a vast array of complex radar reconnaissance signal data and estab-
lish high-performance deep neural network models has become a prominent research
hotspot [6]. Secondly, since tasks such as radar signal reconnaissance and identification
typically need to be conducted in complex environments like the outdoors, there is a
practical scenario requirement for radar radiation source identification that necessitates
the design of deep neural networks capable of operating on edge computing devices with
inference speed and prediction accuracy that meet the required standards. However, edge
computing devices that only integrate microprocessors have limitations in computational
resources and storage space, leading to hardware resource constraints for deep-neural-
network-based models. Therefore, how to design neural network models that are adapted
to edge computing devices, enabling them to operate on smaller devices, reduce energy
consumption, and collaborate with PC terminals for task processing through the network,
is also an important research direction. In summary, in the practical application scenarios
of large-scale radar radiation source identification, there is an urgent need to address the
issues of unbalanced training data and insufficient storage and computing capabilities
of lightweight edge computing devices. Therefore, a comprehensive solution that takes
into account the limitations of data and computational resources is required to meet the
demands of actual industrial applications.

To address the aforementioned issues, this paper proposes a model called RIR-DA,
which is based on feature selection and deep autoencoders. The feature selection method
is incorporated [7], which performs One-hot encoding for discrete feature values and
batch normalization for continuous feature values. By leveraging the characteristics of
feature information and utilizing the hierarchical adaptive learning of deep autoencoders,
which promise results in classification tasks involving imbalanced samples, we enhance the
model’s capability for feature extraction through techniques such as reconstruction error
analysis. The output stage employs the softmax function and its cross-entropy loss function.
We also implement real-time adaptive adjustments to the learning rate based on variations
in the validation loss, while ensuring effective convergence of the loss function through the
use of the Adam optimization method. These measures collectively improve the perfor-
mance of output classification. Synchronously, we introduce a parallel acceleration strategy
for the RIR-DA model, developed using the NXP T4240 microprocessor. This strategy
aims to transcend the storage and computational constraints typically associated with
conventional edge hardware, offering an innovative solution for the effective deployment
of deep learning models in edge computing environments. Through hardware-level opti-
mizations and accelerations, the model’s operational efficiency is significantly improved
while maintaining its robustness and accuracy in complex settings, thereby reinforcing the
technological foundation for edge computing applications in radar signal identification.
Compared to the proposed methods, our research focuses on the practical requirements of
industrial scenarios for large-scale radar radiation source identification. This paper offers a
novel solution to mitigate the imbalance of sample data resources and the insufficiency of
edge computing hardware resources, achieving commendable performance outcomes.
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2. Related Work
2.1. Radar Radiation Identification Models

In the research of radar radiation source identification models, radar radiation source
identification methods based on prior knowledge can be broadly classified into two main
approaches: traditional machine learning methods [8] and deep learning methods [9]. In the
traditional machine learning approach, the primary procedure for identifying radar radia-
tion source targets involves manual feature engineering at the data level. The engineered
features are subsequently employed for inference to obtain higher-level features. Finally,
the acquired features are directly inputted into a classifier for training. The optimization
based on Singular Value Decomposition was proposed in reference [10]. It introduces a
feature extraction algorithm that utilizes weighted normalized Singular Value Decompo-
sition. The features obtained from this algorithm can be inputted into various machine
learning classification models for training. Common machine learning classification algo-
rithms are widely applied to tasks involving the identification of radar radiation source
targets. For example, support vector machines, random forests, the naive Bayes algorithm,
and logistic regression can all be utilized for the recognition and classification of radar
radiation sources [8]. However, traditional machine-learning-based methods for radar
radiation source identification have two significant limitations. Firstly, the manual design
and derivation of features is a cumbersome process that hinders the exploration of intrinsic
relationships between features at a deeper level. Secondly, these methods are not suitable
for large-scale radar radiation source target identification tasks. Compared to traditional
machine learning methods, deep learning methods are better suited for large-scale radar
radiation source target identification tasks [11-13]. Mainly, researchers in the field have
utilized convolution neural networks (CNNs) to automatically extract higher-order features
and feature combinations from radar radiation source data [14,15]. They have proposed a
radar radiation source identification method based on feature transformation and CNNs,
effectively addressing the identification of radar radiation source targets on a larger scale.
However, practical application scenarios often involve sample issues such as incomplete
sample labels and imbalanced data class distributions in individual radiation source recog-
nition, which can lead to a decrease in classification accuracy. Deep autoencoders possess
the capability to adaptively learn hierarchical feature representations and acquire more
expressive higher-order features through the encoding—-decoding process. A sea-surface
target detection algorithm based on a stacked autoencoder (SAE) has been proposed, which
has already been applied in the authors’ coastal defense radar system [16]. Researchers
have proposed a radar target recognition algorithm based on the decoupled representation
variational autoencoder [17]. This method optimizes the network model parameters by
separately modeling inter-class characteristic representations and inter-class common repre-
sentations, thereby achieving effective feature extraction for high-resolution radar distance
data with high separability. For better performance, a model based on generative adver-
sarial networks (GANs) with a Gramian angular field has been proposed in the literature
to tackle the classification of specific radiation sources [18]. Analogously, a method based
on the Synthetic Minority Oversampling Technique (SMOTE) is presented to generate a
larger number of minority samples in the database for identifying radar radiation sources
with category imbalance [19]. Nevertheless, when dealing with large-scale imbalanced
samples of radar radiation sources, certain technical challenges still exist, necessitating the
adoption of new technical models to address the problem of target identification under
such conditions.

2.2. Neural Network on Edge Devices

In the research on model deployment and inference on edge computing devices,
the mainstream direction is to achieve low latency, high reliability, and bandwidth op-
timization for intelligent identification algorithms of large-scale radar radiation sources,
under the constraints of limited computational and storage resources. Although deep neu-
ral networks possess high-performance recognition capabilities, their complex architecture
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and extensive parameterization also place higher demands on the storage and computa-
tional resources of edge computing devices equipped with integrated microprocessors [20].
Therefore, the deployment and inference of these networks largely rely on the enhance-
ment of two aspects of capabilities. On one hand, edge computing devices must provide
sufficient computational power and support for parallel processing and ensure high data
throughput. On the other hand, and more importantly, they rely on the design of adaptive
parallel acceleration methods for neural networks in conjunction with the characteristics of
the hardware platform. Overall, the field of artificial intelligence hardware acceleration is
currently undergoing a key transition from alleviating bandwidth limitations to improv-
ing computational performance. Leading semiconductor companies, including NVIDIA,
Intel, and AMD, have introduced specialized Al hardware platforms, each meticulously
crafted to meet the computational requirements of deep learning models [21,22]. The T4240
multi-core communication processor from NXP Semiconductors, a flagship product in the
QorlIQ® T series, integrates hardware acceleration tailored for machine learning models,
advanced networking services, and an expansive suite of system peripheral expansion
interfaces. These features have established the T4240 as a popular selection for diverse
industrial applications, especially those that require high-performance computation and
rapid response capabilities [23]. In addressing the integration requirements for micropro-
cessors, researchers have proposed an efficient FPGA implementation of convolutional
neural networks for radar emitter signal recognition [24], as well as a design approach for
high-performance Fast Fourier Transform FPGA processors for radar signal processing [25].
With the evolution of GPU parallel computing, researchers have also suggested considering
the limitations of CPU computational capabilities when designing large-scale software-
defined radar systems, proposing a feasible solution that utilizes GPU parallel acceleration
for signal processing [26]. The aforementioned methods offer valuable guidance for the de-
ployment of radar radiation source identification algorithms on cloud-based GPU devices
and terminal FPGA devices. However, when focusing on scenarios that require lightweight
network adaptation for hardware acceleration on smaller microprocessors, there is still a
deficiency in theoretical analysis and computational methods for hardware acceleration on
adaptive edge computing platforms.

3. Empirical Feature Selection
3.1. Dataset

The data used in this study were derived from radar signal simulation data. In the
simulation experiment, the signal-to-noise ratio (SNR) ranged from 10 to 20 dB, with a step
size of 2 dB, and the noise was additive white Gaussian. The acquired dataset contains a
total of 1,662,445 radar emission samples, covering 96 different radar models. While the
dataset contained hundreds of potentially discriminative signal features, due to similarities
in the modulation patterns of some features, the analysis involved outlier processing and
feature comparison. Consequently, this work discarded the similar and irrelevant features,
retaining 12 high-value signal features. Of these twelve features, three are discrete-valued,
and nine are continuous-valued.

The types of features include carrier frequency, pulse width, and pulse repetition
interval. Carrier frequency refers to the frequency of the high-power electromagnetic wave
signal generated by the radar transmitter prior to modulation. Pulse width denotes the
temporal duration of the pulse signal in a pulse-modulated radar. Pulse repetition interval
signifies the time duration between two consecutive pulses.

The initial step involved partitioning the full dataset, which comprised 1,662,445 radar
radiation source samples, into two subsets: a large dataset (with more than 1100 samples per
rid class) and a small dataset (with fewer than 1,100 samples per rid class). The large dataset
consisted of a total of 1,640,061 samples, whereas the small dataset contained 22,384 samples.
Subsequently, separate analyses were conducted to examine the distribution of the 96 rid
classes within the full dataset, large dataset, and small dataset. The statistical results are
presented in Figure 1. The findings reveal a highly imbalanced sample distribution in real-
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world scenarios, with both the large and small datasets exhibiting a long-tail distribution
pattern. Specifically, certain classes demonstrate a substantial number of samples, while the
majority of classes have a limited number of samples. This distribution pattern significantly
amplifies the challenges associated with model recognition.
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Figure 1. The distribution ratio of radar source target category rid in the different sample sets.

3.2. Feature Encoding Design

For discrete value features, we employ the One-hot encoding method for processing.
Through One-hot encoding, the three discrete value features are transformed into 34 binary
encoded features. Consequently, the feature vector of an individual sample expands from
12 dimensions to 43 dimensions, effectively replacing the original three discrete value
features with the addition of 34 binary encoded parameters for feature representation.
This approach offers two key advantages: Firstly, by enabling more precise parameter
management, this approach enhances the non-linear capability of the classification model.
This is crucial as it allows the model to better capture complex, non-linear relationships
within the data, which is often essential for achieving high predictive performance. In addi-
tion, the approach reduces the impact of feature perturbation on the model’s stability and
mitigates the influence of noise. This enhancement of the model’s robustness is particularly
beneficial, as it makes the model less sensitive to minor variations or imperfections in the
input data, thereby improving the reliability and consistency of its predictions.

3.3. Normalization for Continuous Feature Values

In order to mitigate the impact of large numerical ranges present in continuous feature
values, we employed Z-score normalization. This normalization technique proportionally
scales the features, thereby ensuring that the data distribution is confined within a spe-
cific range. Formula (1) for calculating the standard deviation and executing the Z-score
normalization transformation is provided below:
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where n represents the total number of samples, u denotes the relative mean, and ¢
represents the standard deviation. The purpose of this transformation is to eliminate the
dimensions of the original data, x, ensuring the consistent scale of different features, which
facilitates comparison and calculation.

4. RIR-DA Model
4.1. Deep Autoencoder Model

The deep autoencoder [15] comprises two symmetric deep neural networks. Generally,
the first half corresponds to the encoding part of the network, while the second half
corresponds to the decoding part. The network architecture of the deep autoencoder
implemented in this study is depicted in Figure 2.
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Figure 2. The RIR-DA model framework.

By means of the encoding-decoding process, an autoencoder effectively utilizes data
features for self-reconstruction. In recognition tasks characterized by highly imbalanced
samples, the reconstruction error of a minority sample after autoencoding may exceed the
errors of the majority of samples. Therefore, as indicated in (2), the algorithm utilizes an
improved regularized loss function [27]:

F(x, %) = L(x, %) + AllJs(x)|lF
= L(x,%) +A2Hvxa§h)(x)H2 @

where anfh) (x) refers to the gradient field of the hidden layer activations that is dependent

on the input x. The regularization term on the right-hand side is composed of the Jacobian
matrix | under the Frobenius norm, which penalizes the model’s weight parameters to
prevent overfitting. The calculation represented by (3), considering m input values and n
hidden layer nodes, can be expressed as follows [27]:
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4.2. RIR-DA Model Architecture

The autoencoder effectively learns the distinguishing features between the minority
class and majority samples by leveraging negative instances from the minority samples.
Building upon this concept and considering the highly imbalanced distribution of the
entire sample set, we propose RIR-DA, a deep-autoencoder-based model for the automatic
identification of radar radiation sources. Figure 3 illustrates the network architecture of the
RIR-DA model.

mput: | (None, 43)
output: | (None, 43)

input_6: InputLayer

mput: | (None, 43)

encoded hiddenl: Dense
B output: | (None, 32)

l

encoded_hidden2: Dense

input: | (None, 32)
output: | (None, 12)

mput: | (None, 12)

decoded hidden2: Dense
output: | (None, 12)

A 4
decoded hidden3: Dense

mnput: | (None, 12)
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4
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input: | (None, 128)
FC2: Dense
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input: | (None, 64)

output: | (None, 97)

dense 6: Dense

Figure 3. RIR-DA model network structure diagram.
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In order to mitigate the challenges posed by the limited sample size in the small
dataset, we have appropriately streamlined the complexity of the RIR-DA network struc-
ture, enabling it to better handle learning tasks with a limited number of samples.

4.3. Model Loss Function Optimization

The model employs the widely adopted cross-entropy loss function for classifying
model outputs in multi-class classification tasks. Formula (4) for the cross-entropy loss
function is as follows [28]:

n
loss = — ) i logyin + Yi2 10gYio + -+ Yim 10gYim (4)
i=1

where the number of classes is denoted as m and the number of samples as 7. The derivative
Formula (5) for the loss is given as follows:

n

' oy
oloss - Yi oloss _ y Yim (5)

ayil i=1 }/?/m’ al/im i—1 Yim

Regarding the derivative calculation for the softmax-cross-entropy loss, we apply the
chain rule, which yields the following expression as shown in (6):

dy, .
dloss  dloss " %Y » Wi _

ow, ay} dy; ~ dwy

(y; — 1)w71 (6)

In this study, we utilize the Adam algorithm to minimize the loss. Adam is an
adaptive learning rate optimization algorithm that combines the RMSprop and Momentum
optimization algorithms [29].

5. Model Hardware Acceleration Solution
5.1. NXP T4240 Microprocessor

The NXP T4240 microprocessor, belonging to the QorIQ® T series, is utilized for
computational tasks within the deep neural network model. It serves as the flagship
product of the series, featuring 12 dual-threaded e6500 cores, providing a total of 24 threads.
Each core of the T4240 is equipped with an AltiVec engine that supports Single Instruction
Multiple Data (SIMD) technology, enabling a peak computing rate of up to 193 GFLOPS.
The cores are organized into clusters, with four cores forming one cluster. Each cluster
shares a 2 MB level 2 cache, resulting in a total cache size of 6 MB. The processor operates
at a maximum frequency of 1.8GHz and supports a 64-bit Instruction Set Architecture
(ISA). It supports three levels of instructions: user, supervisor, and system management
programs. Additionally, the T4240 offers a comprehensive range of I/O interfaces and
network components, including two serial RAPIDIO interfaces, two serial ATA controllers,
two USB controllers, four I2C controllers, three 8-channel DMA controllers, and 32-channel
SerDES interfaces. It integrates 1 Gbps and 10 Gbps Ethernet, hardware acceleration,
and advanced system peripherals. As a microprocessor, the T4240 provides powerful
computational capabilities and abundant interfaces. Furthermore, it supports the real-time
operating system VxWorks, making it suitable for deploying neural network models and
other applications in intelligent terminals and devices.

5.2. Hardware Adaptation of RIR-DA Model Architecture

The RIR-DA model, illustrated in Figure 3, is specifically designed for the automatic
identification of 96 individual radiation sources, with a maximum input signal length of
1024 dimensions. The model’s initial layer encompasses preprocessing and normalization,
which process and generate 43-dimensional raw features. The input to the first encoding
layer consists of the 43-dimensional radiation source features, which undergo encoding to
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yield 32-dimensional features. In the subsequent encoding layer, 12-dimensional advanced
features are further extracted. The third decoding layer decodes the 12-dimensional ad-
vanced features back to 32 dimensions, followed by the fourth layer which decodes the
32-dimensional features back to the original 43-dimensional raw features. Subsequently,
fully connected layers with dimensions of 128 and 64 are interconnected, and the final
fully connected layer utilizes the softmax function as a non-linear activation function.
The network output provides the probabilities for classifying the input radiation sources
into 96 distinct categories.

The RIR-DA network architecture was implemented using TensorFlow for the actual
encoding process. After completing the training phase, the RIR-DA autoencoder network
was deployed on the NXP T4240 microprocessor to enable automatic identification of
radiation sources. This was achieved by performing forward propagation calculations on
the input radiation source signals. TensorFlow offers a comprehensive set of computational
APIs for deep neural networks, encompassing encoding, decoding, and non-linear activa-
tion operations, which were utilized in the model’s computations. Throughout the training
process, the Adam algorithm was employed in TensorFlow to optimize the parameters,
calculate gradients, and automatically update the network parameters during iterations.

Upon analyzing the aforementioned encoding and decoding processes, it is evident
that the first encoding layer consists of 43 weight parameters and bias parameters. The sec-
ond encoding layer comprises 32 weight parameters and bias parameters, while the third
layer utilizes 12 weight parameters and bias parameters to obtain compressed features.
In the fourth decoding layer, there are 32 weight parameters and bias parameters, and the
fifth decoding layer contains 43 weight parameters and bias parameters. Consequently,
the entire network consists of a total of 910 parameters. To ensure efficient implementation,
the network employs 16-bit fixed-point arithmetic, resulting in a storage space requirement
of no more than 1 MB.

Within the RIR-DA model, special consideration must be given to the implementation
of the ReLU function, fully connected operations, and softmax function. The ReLU function
can be achieved by utilizing VSIPL’s value comparison functions, which encapsulate AltiVec
technology and compare the input with zero. The softmax function can be implemented
through exponential, multiplication, and division operations available in VSIPL. Therefore,
the model can be seamlessly ported and executed on the T4240 microprocessor.

5.3. Evaluation of Hardware Acceleration Performance

Considering that the input data for each layer of the network are 16 bits, and the T4240
microprocessor is equipped with a 128-bit vector processor called AltiVec Vector Register,
the processor can simultaneously load 8 input data values. By leveraging SIMD paral-
lelism, it becomes possible to compute 8 outputs concurrently. This parallel acceleration
solution describes the neural network algorithm as matrix operations and utilizes SIMD
technology to expedite matrix computations. The encoding layer, decoding layer, fully
connected layer, and output layer of the RIR-DA model can all be treated as parameter
matrices. Notably, upon analysis, it is observed that the number of matrix multiplication
and addition operations is divisible by 8, allowing for the implementation of SIMD vector
operations. In summary, this solution leverages hardware and matrix parallel computation
acceleration on the NXP T4240 microprocessor. With a peak processor frequency of 1.5 GHz,
the average processing time for RIR-DA is 21.16 ps, maintaining the performance achieved
during training.

5.4. Intelligent Identification System

In the research field of radar signal recognition, the development of micro-embedded
computing platforms has reached a new level, as their current computational capabilities
can now meet the requirements of deep learning algorithms for complex classification and
recognition tasks. This study proposes an innovative design scheme for an intelligent radar
emitter recognition micro-system based on an edge computing device, with the NXP QorIQ
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T4240 as the core processing unit. As shown in Figure 4, the system is carefully designed
with two main modules: the computer-side module and the edge-computing-side module.
The computer-side module is responsible for data collection, dataset construction, and deep
learning model training based on the RIR-DA network. It establishes a TCP communication
protocol to achieve efficient two-way data transmission and information exchange with
the NXP QorlIQ T4240 device. The edge-side module focuses on executing real-time signal
acquisition, feature selection, normalization preprocessing, as well as the parallel execution
and inference computation of the deep learning model. The radar emitter recognition
results are then fed back to the computer-side module through TCP communication.

| ( \ T T
| | Radar radiation | R Visual il
! i interaction o

Figure 4. Radar radiation source signal intelligent identification system infrastructure.

During the initial system operation, thorough initialization is first carried out on the
computer client and edge computing device. The pre-trained deep learning model is then
loaded on the logged-in NXP QorlQ T4240, and the parallel hardware acceleration inference
function is launched, while a stable TCP communication connection is established with
the computer client. In this process, the edge side is able to directly receive the radar
emitter signals and execute the inference and recognition tasks. Additionally, to enhance
the model’s generalization capability, the computer client can provide simulated signals,
which are then transmitted in real time to the edge computing device for model inference
and recognition. The edge computing device subsequently returns the inference results to
the computer side. This use of simulated signals enables direct feedback on the model’s
performance, which allows for analysis and further optimization, if necessary.

Regarding system optimization, when the system identifies the need for model perfor-
mance improvement, the computer side first accumulates a larger sample set of radiation
source data. Once the sample size reaches a sufficient scale, incremental training of the
base model is initiated. During the training process, simulated signals are used periodically
to evaluate the model’s recognition capability, in order to avoid overfitting. The training
process is terminated when the model’s recognition performance meets the engineering
application requirements, and the updated model is then synchronized to the edge comput-
ing device. This edge-cloud collaborative online learning mechanism enables the system
to continuously perform online learning on the externally collected radiation source sig-
nals, thereby constantly enhancing the system’s recognition performance and adaptability.
Adopting this approach not only improves the system’s practicality and reliability but also
provides a new and efficient solution for the radar signal recognition domain.

6. Experimental Results

The proportions of the training, validation, and testing sets were set at 7:1:2. During the
training process, we incorporated a learning rate decay technique along with the Adam
optimization algorithm for the RIR-DA model.
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Consistent Convergence Behavior. The results presented in the Figure 5 demonstrate
the strong training performance and robustness of the RIR-DA model. Across all three
dataset sizes, the model exhibits rapid convergence of the training loss and validation
loss, indicating it can efficiently learn the underlying patterns in the data regardless of the
dataset size. Notably, the convergence patterns remain remarkably consistent, suggesting
the RIR-DA model maintains its effectiveness in learning even as the dataset size is reduced.
While the small dataset shows higher overall loss values, the consistent convergence
behavior implies the model can leverage additional data to further improve its performance
as the dataset size increases. This consistent convergence across varying dataset sizes
underscores the RIR-DA model’s robustness to changes in the amount of training data,
a desirable property for practical applications where the model may need to be applied to
imbalanced datasets.
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Figure 5. Convergence of RIR-DA model loss on different sample sets.

Approximate Categorical Accuracy. The results in the Figure 6 demonstrates the
RIR-DA model’s approximate performance and versatility across various dataset sizes.
The model exhibits rapid convergence and high accuracy, excelling on large and full sample
sets by achieving near-perfect accuracy and robust generalization. Despite some gaps
between training and validation accuracy on smaller datasets, the model maintains high
performance, indicating its effective handling of diverse data scenarios. These findings
highlight the model’s scalability and effectiveness, suggesting that it is effectively learning
the patterns in the data and generalizing them well to new, unseen data.

Test in Line with Expectations. The RIR-DA model’s exceptional performance across
the various dataset sizes, as demonstrated in Table 1, is in line with expectations and a clear
testament to its exceptional capabilities. The model is able to maintain high classification
accuracies of 95.6%, 96.0%, and 83.9% on the full, large, and small sample datasets, respec-
tively. This high accuracy level suggests the model has a strong grasp of the underlying
patterns and complexities within the imbalanced dataset.
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Figure 6. The change in categorical accuracy of RIR-DA during training on the different sample sets.

Table 1. The complete experimental results for different type of datasets.

Test Set Type Sample Count Time Accuracy
Full Sample Dataset 249,367 529s 95.6%
Large Sample Dataset 246,010 5.07s 96.0%
Small Sample Dataset 3358 0.09 s 83.9%

Efficiency evaluation in large-scale samples. In comparison to previous research
methods that achieved over 90% accuracy in radar radiation source identification, our
RIR-DA model exhibits superior performance on a larger-scale radar radiation source
dataset, as evidenced in Table 2. The experimental results validate the effectiveness of
our proposed radar radiation source identification method, which incorporates feature
selection and deep autoencoders. The method demonstrates promising initial results on a
large-scale radar radiation source dataset that closely resembles real-world data.

Table 2. Processing capability comparison of previous models with the same level of accuracy performance.

Model Accuracy (Full Sample) Radar Signal Number Dataset Volume
SVM >90% 11 10*
Adaboost >93% 20 10*
NN >91% 20 10*
U-CNN >95% 67 10°
RIR-DA >95% 9 106

7. Conclusions

This paper introduces a novel approach to radar emitter identification in industrial
applications, effectively mitigating constraints related to training data and edge computing
resources. The RIR-DA model, utilizing deep autoencoders and prior knowledge, has
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achieved over 95% accuracy in processing large-scale, imbalanced datasets, identifying
96 radar emitter targets. Leveraging the computational efficiency of the T4240 embedded
microprocessor, this study proposes a model parallel acceleration scheme, resulting in
nearly an eightfold enhancement in computational speed.

Future research should delve into data augmentation techniques to manage the scale
and imbalance inherent in radar emitter datasets. Concurrently, research efforts should
focus on developing model compression and acceleration algorithms to accommodate
the storage and computational limitations of edge computing environments. Moreover,
prioritizing model interpretability and security is essential for bolstering the model’s
stability and reliability in sophisticated electronic contexts.

The model parallel acceleration and integration strategies outlined in this study pave
the way for innovative industrial applications of radar emitter identification technology.
Integrating this technology deeply with modern information technologies like the Internet
of Things, big data, and cloud computing may facilitate the creation of more intelligent and
automated radar signal monitoring and analysis systems. Cross-disciplinary collaboration
has the potential to expand the application of radar emitter identification technology into
domains such as intelligent transportation, public safety, and environmental monitoring,
thereby maximizing its value.

In summary, this study provides new perspectives and methods for developing radar
emitter identification technology and explores its industrial application pathways. Ongo-
ing technological advancements and innovation suggest that radar emitter identification
technology will play a pivotal role across various sectors.
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