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Abstract

To address the challenge of low modulation recognition accuracy for Low Probability of
Intercept (LPI) radar waveforms under low Signal-to-Noise Ratio (SNR) conditions—a
critical limitation in current radar signal processing research—this study proposes a novel
recognition framework anchored in an improved EfficientNet model. First, to generate
time—frequency images, the radar signals are initially subjected to time—frequency analysis
using the Choi-Williams Distribution (CWD). Second, the Mobile Inverted Bottle-neck
Convolution (MBConv) structure incorporates the Simple Attention Module (SimAM) to
improve the network’s capacity to extract features from time—frequency images. Specifically,
the original serial mechanism within the MBConv structure is replaced with a parallel
convolution and attention approach, further optimizing feature extraction efficiency. Third,
the network’s loss function is upgraded to Focal Loss. This modification aims to mitigate
the issue of low recognition rates for specific radar signal types during training: by dy-
namically adjusting the loss weights of hard-to-recognize samples, it effectively improves
the classification accuracy of challenging categories. Simulation experiments were con-
ducted on 13 distinct types of LPI radar signals. The results demonstrate that the improved
model validates the effectiveness of the proposed approach for LPI waveform modulation
recognition, achieving an overall recognition accuracy of 96.48% on the test set.

Keywords: LPI radar; EfficientNet; time-frequency image; Attention Module; Focal Loss

1. Introduction

With its excellent stealth and anti-jamming characteristics, Low Probability of Inter-
ception (LPI) radars have gained increasing popularity in electronic warfare in recent
years, owing to rapid advancements in radar technology. By emitting waveforms with
sophisticated modulation patterns, LPI radars enhance battlefield survivability and reduce
the probability of detection by adversaries. However, the intricate diversity of LPI radar
signals poses significant challenges to the recognition of waveform modulation [1,2]. As
a result, accurate and efficient identification of LPI radar modulation types has become
increasingly critical for achieving superiority in electronic spectrum warfare.

Conventional methods for recognizing LPI radar waveform modulations primarily
rely on signal-processing techniques such as feature matching, cyclic—stationary feature
extraction, and time—frequency analysis [3-5]. While these approaches demonstrate satis-
factory performance under certain conditions, they often suffer from limited robustness
and high computational costs when confronted with challenges such as multipath effects,
noise interference, and increasing signal complexity. With recent advancements in deep
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learning, a growing number of researchers have turned to deep learning-based methods
to address the problem of LPI radar waveform modulation recognition [6-12]. These tech-
niques show remarkable improvements in feature extraction and classification performance.
However, when applied to LPI radar signals, current deep learning models still exhibit
several limitations. On one hand, these models often underperform in the extraction of
discriminative features under low signal-to-noise ratio (SNR) conditions, leading to sub-
optimal modulation recognition accuracy. On the other hand, many models incorporate
excessively deep network architectures with a large number of parameters, resulting in
high computational demands, prolonged training time, and difficulties in meeting real-time
processing requirements. Moreover, the dynamic and diverse nature of LPI radar signals
calls for more robust and generalizable feature extraction models.

Two primary methods can be used to widely classify deep learning-based LPI radar
waveform modulation recognition. The first method uses deep neural networks to recog-
nize waveform modulations by extracting features from the radar’s time-domain signal,
which is used as the network input. Wei et al. [11] completed the identification challenge
for radar source signals with six different waveform modulations using CNN, LSTM, and
DNN. Using a one-dimensional convolutional neural network with attention mechanism
(CNN-1D-AM), Wu et al. [12] detected seven different basic radar transmission signals
with an SNR of —6 dB and a recognition rate that was close to 95%. In ref. [13], 13 typical
waveforms were recognized using a multi-channel one-dimensional convolutional neural
network with input from radar echoes. The other approach uses time—frequency analysis
techniques to transform radar source data into time—frequency images, which are then used
to train deep neural network models that can detect radar sources. Using the Choi-Williams
Distribution (CWD) and building LPI-Net for radar source signal identification, ref. [7]
achieved 98.6% accuracy for 13 waveform modulations at an SNR of 0 dB. Utilizing the
structural resemblance between matching filters and convolutional kernels, Paper [8] sug-
gested a ResNeSt network that used a fuzzy inference system inside an adaptive network
for preprocessing filtering, improving spatiotemporal image properties when SNR is low.
In order to cope with noise interference in signals, ref. [14] divided noisy images into several
patches and applied a convolutional autoencoder on each patch. In [10], a locally dense
connected U-Net was integrated with the SRR-loss function to mitigate noise interference
and enhance the features of time—frequency images (TFIs). A novel algorithm combining
ConvNeXt with Focal Loss was introduced in [15] to improve the identification and filtering
of LPI radar signals. Meanwhile, ref. [16] achieved 97.94% recognition accuracy when SNR
is —8 dB for radar signals with 12 LPI modulation types by using an asymmetric dilated
convolution coordinate attention residual networks.

By using a composite scaling technique that incorporates depth, width, and resolu-
tion, EfficientNet [17], an effective deep learning model, strikes a solid balance between
computing efficiency and performance. EfficientNet has proven to perform exceptionally
well in a variety of fields, including object detection and image categorization. Signifi-
cant benefits are offered for applications in resource-constrained contexts by its effective
network architecture design. Nevertheless, there are difficulties when using the origi-
nal EfficientNet directly for LPI radar waveform modulation recognition: Radar signals
have feature distributions that differ greatly from those of natural images and are usu-
ally displayed as time-frequency graphs or one-dimensional sequences. During feature
extraction, this discrepancy could make it difficult for the model to accurately represent
the signals’ time—frequency properties, and the pre-trained model of EfficientNet lacks
domain-specific radar signal expertise because it is built on the ImageNet dataset. There-
fore, its capacity to generalize within the radar signal domain is limited when using a
pre-trained model. Meanwhile, the original EfficientNet also does not perform well in



Electronics 2025, 14, 4214

3o0f14

low-noise conditions. Therefore, it has become essential to adapt EfficientNet for the LPI
radar waveform modulation recognition task in order to improve recognition accuracy.

To solve the problem of recognizing LPI radar signal modulation under low-SNR
conditions, we propose a recognition method based on an improved EfficientNet archi-
tecture. Our work mainly focuses on three key aspects: selecting a better time—frequency
transformation method, building an effective network for feature extraction, and imple-
menting efficient training strategies. First, the original radar data is transformed into
two-dimensional time—frequency images using the CWD method. Then, the improved
EfficientNet model is trained, where the Focal Loss function is introduced to better handle
categories with lower classification accuracy. Meanwhile, the Mobile Inverted Bottle-neck
Convolution (MBConv) module of EfficientNet is modified by integrating the Simple Atten-
tion Module (SimAM) and redesigning the convolution and attention processes in parallel
instead of in series. Finally, experiments on a simulated dataset with 13 LPI radar mod-
ulation types demonstrate that the proposed approach achieves a classification accuracy
of 96.48%, outperforming comparable methods. The major contributions to this paper are
listed as follows:

1. A deep network architecture based on improved EfficientNet is proposed. By incor-
porating the SimAM into EfficientNet’s MBConv structure and designing a parallel
architecture, we effectively mitigate the impact of noisy features in time—frequency
images on payment method recognition.

2. During training, the Focal Loss function is used in place of the original cross-entropy
loss function to overcome the problem of misclassification caused by similarities
across specific modulation. By dynamically allocating higher loss weights to samples
that are hard to recognize during training, this strategy forces the model to concentrate
more on samples that are hard to recognize, thus increasing recognition accuracy.

3. Experiments were carried out using a simulated dataset with 13 types of LPI radar
modulation. The results indicate that the suggested approach reaches a classification
accuracy of 96.48%.

The rest of this article is organized as follows: Section 2 introduces the LPI radar
signal, including the signal model and CWD method. Section 3 presents the EfficientNet
architecture and details its improvements. Section 4 conducts simulation experiments and
analysis. Section 5 summarizes the paper.

2. LPI Radar Signal and Processing
2.1. LPI Radar Signal Model

The LPI radar signal y(k) received by electronic reconnaissance equipment can be
described as follows [1]:
y(k) = A(R)*Y +w(k) ©)

where k is the index value increasing with sampling interval sequentially, A(k) is the
instant amplitude. 0(k) is the instantaneous phase of the ideal sampling signal. w(k)
is the additive noise, typically modeled as Additive White Gaussian Noise (AWGN),
instantaneous frequency f(k), and instantaneous phase offset ¢ (k) can be used to further
computationally express instantaneous phase 6(k) as follows:

0(k) = 27t f(k)(kTs) + ¢ (k) )

where T; is the signal sampling interval time. The LPI signal modulation is similar, making
waveform recognition challenging. We set A(k) = 1, employing Frequency Modulation
(FM) and Phase Modulation (PM) to simulate 13 LPI Radar signals in this paper.
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2.2. CWD Method

The radar time-domain signal must first be converted into a time—frequency image us-
ing time—frequency analysis in order to discover LPI radar waveform modulations utilizing
deep learning techniques. The way that signal frequency changes over time is intuitively
revealed by this method, which combines analysis in the time and frequency domains.
Time—frequency analysis turns out to be practical for radar signal detection since time—
frequency images show different properties for various modulation patterns. One of these
is the quadratic time-frequency distribution, which includes CWD technique [7,16,18-20].
Using a kernel function that is exponentially weighted, it successfully inhibits cross-term in-
terference. In this study, a time—frequency image is obtained by performing time-frequency
transformation on the radar radiation source signal using the CWD approach. The follow-
ing is the CWD time—frequency transformation formula:

CWD(t,w) = %fffx(y + %).x*(u - %)47(@, 7)el CH—TO0=E) gy drd 3)

where ¢, w denote time and angular frequency separately, T denotes the time delay, ¢(¢, T)
is a kernel function:

$(g,7) = T 4)

where 0 is a scaling factor, and the larger the value of o, the higher the corresponding
time—frequency resolution, but the more severe the cross-talk. Conversely, the smaller the
o, the lower the time—frequency resolution, but the better the cross-talk suppression. The
value of ¢ is set to 1 in order to balance time-frequency resolution and cross-talk.

In this paper, radar signals are first converted into time-frequency images through
time—frequency transformation, and then into grayscale images to accelerate training and
reduce network parameters. To meet EfficientNet’s input requirements, all images are
resized to 224 x 224. Under an SNR of 0 dB, the grayscale images obtained from 13 different
radar waveform modulations are shown in Figure 1. The CWD-based time—frequency
analysis reveals clear differences among modulation types, but some waveforms remain
visually similar in the time—frequency domain. Therefore, feature extraction with trained
networks is required for accurate classification.

(c) Barker

(d) Costas (e) Frank

(k) T2 T3 T m)Ta

Figure 1. Time—frequency images of 13 kinds of LPI radar signals.
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3. The Proposed Method

The structural framework of the proposed method is illustrated in Figure 2. First,
the original noisy LPI radar signal is transformed into a time—frequency image using
CWD analysis, which is then converted into a grayscale image. These grayscale images
are divided into training, validation, and test sets. The training process is conducted on
the EfficientNet-BO model, enhanced with Focal Loss to improve supervision and with
modifications to the MBConv structure for better spatiotemporal feature extraction under
low-SNR conditions. Finally, the extracted features are used to classify and recognize the
waveform modulation of the signals.

— LFM
— Rect
| Barker
[— Costas
[ Frank

—pP1

— P4

I
I
l MBConv structures |
[ —T1
I
I

Extracted

features —T2

—————————————— — 13

T4
Figure 2. The structure of our proposed method.

3.1. EfficientNet-B0 Baseline Network

EfficientNet was proposed by Google researchers in 2019 [17]. In order to simultane-
ously maximize model depth, width, and input resolution, it employs a compound scaling
method that extends traditional model scaling strategies. With this method, accuracy and
computational economy are balanced while achieving optimal model performance. Let
the model’s depth, width, and resolution be denoted by d, w, , respectively. EfficienNet’s
scaling method is expressed as follows:

d=a?
w=p’ (5)
r=?

wherea - 292~ 2,0 > 1,8 > 1,7 > 1, ¢ denotes the scaling factor. By setting different
scaling factors based on EfficientNet-B0, the BO-B7 networks can be obtained, where the
network architecture of EfficientNet-B0 is shown in Table 1 and the explanations of specific
parameters can refer to ref. [17].

Table 1. EfficientNet-B0 baseline network.

Stage Operator Resolution Channels Layers
1 Conv3 x 3 224 x 224 32 1
2 MBConv1, k3 x 3 112 x 112 16 1
3 MBConv6, k3 x 3 112 x 112 24 2
4 MBConv6, k5 x 5 56 x 56 40 2
5 MBConv6, k3 x 3 28 x 28 80 3
6 MBConv6, k5 x 5 14 x 14 112 3
7 MBConv6, k5 x 5 14 x 14 192 4
8 MBConv6, k3 x 3 7x7 320 1
9 Convl x 1, FC 7x7 1280 1
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3.2. SimAM Attention Mechanism

Based on the neuroscience concept of spatial inhibition, SimAM Attention Mecha-
nism [21] is a simple, parameter-free attention mechanism. It dynamically modifies neural
weights to improve model performance by determining local similarities in feature maps;
SimAM uses feature maps for three-dimensional weighting without adjusting any param-
eters. SimAM defines the following energy function for a single neuron ¢ and additional
neurons in the input feature map:

2
1 M-1 )
er(wi bryy, xi) = 37— ) (1= (wixi +b)) + (1= (wit +b)) +Awf (6)
i=

where w; denotes the weight of the linear transformation, b; denotes the corresponding
bias term, M denotes the number of neurons, A denotes the regularization coefficient,
taking partial derivatives with respect to w; and by, setting the derivatives equal to zero,
the expressions for w; and b; are as follows:

_ Z(t — ]/lt) 7
“ (t— p)* + 202 + 27 @)
b= S (t+ pwr ®)

2
where yi; denotes the mean computed by all neurons except t, 0y denotes the corresponding
variance. Substituting the mean and variance into the energy function formula yields the

energy function result:

. 462+ A
ey = A(z A) )
(t—10)°"+20242A

From the energy function formula, it can be seen that the greater the difference between
a neuron and its neighboring neurons, the lower the corresponding energy value. This
indicates that the neuron is more important during training and should be assigned a
higher weight. Therefore, 1/e} is used to represent the importance of a neuron. According
to the definition of the attention mechanism, the weighted features of the feature map can
be obtained as follows:

~

X = sigmoid(%) ©X (10)

3.3. Improved MBConv Module

In the original EfficientNet-BO network, the SE attention mechanism employed within
the MBConv structure determines which feature map channels are important through
“Squeeze-and-Excitation” operations, which selects features from the channel dimension.
In time-frequency images, SE attention judges feature channels representing specific mod-
ulation slopes as more important than those representing background noise. The time-
frequency patterns of signals with different modulation schemes in the LPI radar segment
exhibit minimal differences, manifesting as subtle variations in texture and brightness. The
SE attention mechanism struggles to effectively distinguish such fine feature differences.
SimAM attention, as a neuroscience-inspired 3D attention mechanism, computes a unique
weight for each point in the feature map. This effectively suppresses noise interference
while capturing subtle features in the time—frequency image. Employing a tandem struc-
ture of SE and SimAM allows SE to select important feature maps, while SimAM selects
subtle features within them and suppresses noise. Additionally, a parallel architecture
was designed for the DW Conv branch and attention branch, concatenating their feature
maps along the channel dimension to enhance the model’s fault tolerance and robustness.
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T Conv
Input

Consequently, the SimAM attention mechanism is integrated into every MBConv structure
in the enhanced EfficientNet architecture.

As shown in Figure 3, the improved MBConv structure transforms the original se-
rial arrangement of DW Conv, followed by SE attention into a parallel configuration of
DW Conv and two attention mechanisms. The outputs from these parallel branches are
concatenated along the channel dimension, then processed through a dimension-reducing
convolution layer and a Dropout layer to generate the final feature map.

—» DWConv —p SE e Conv. —> Dropout ——»@O—>

Output
(a) original MBConv

Conv

Input

I
I
—————» DWConv % Conv —» Dropout Y pPD—p
I

I
| Output
I

(b) improved MBConv
Figure 3. Comparison of the original MBConv structure with the improved structure.

3.4. Focal Loss Function

Signals with various modulation types show notable variances in their time—frequency
characteristics in the difficult problem of time—frequency image recognition for radar
waveform modulation. The time-frequency images of signals exhibit a high degree of
similarity, which blurs the lines between categorization and creates “hard samples” that
are challenging to recognize. Meanwhile, signals with modulation forms such as Rect
have unique time—frequency properties, making them “easy samples” that are simple to
recognize. Radar signals are also very vulnerable to interference from the surroundings in
low-SNR conditions. Some samples are necessarily “hard samples” that are challenging to
distinguish due to low SNR and obscured characteristics. The classic cross-entropy loss
function is limited during training due to this intrinsic categorization difficulty difference
between samples. Thus, instead of using the original cross-entropy loss as the loss function
for EfficientNet-B0, the Focal Loss function [22,23] is introduced in our method. In training
step, the Focal Loss function reduces the loss weight for “easy samples” while increasing the
loss weight for “hard samples”. By focusing more on difficult samples during learning, this
strategy helps the network achieve higher classification accuracy. For binary classification
problems, the corresponding cross-entropy loss function is defined as follows:

_J —log(p) ify=1
CE(p/ y) - {_ IOg(l — p) otherwise v

where y € {£1} is the ground-truth class, p € [0, 1] is the probability that a sample belongs
to class 1, which is defined as follows:

ptz{ pooiy=1 (12)

1—p otherwise

The cross-entropy loss function can then be simplified to CE(p;) = —log(p:). To address
the issue of class and sample imbalance, the Focal Loss function introduces a dynamic
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modulation factor (1 — p;)” and a class balance coefficient a; based on cross-entropy,
expressed as follows:

FL(p:) = —a(1 — pt)” log(p:) (13)

when p(t) is small, the value of (1 — p¢)” approaches 1, exerting minimal influence on the
loss function; however, as p(t) approaches 1, the value of (1 — p;)” approaches 0, thereby
reducing the weight assigned to “easy samples”. Consequently, Focal Loss effectively
increases the weight of “hard samples” in the loss function, causing the loss function to
favor these challenging cases. The parameter y controls the weight difference between easy
and hard samples. When ¢ = 0, the Focal Loss function degenerates into the standard

7

cross-entropy loss function. As <y increases, the loss weight coefficient for “easy samples”

gradually decreases, while the weight for “hard samples” gradually increases.

4. Experiments and Discussions

4.1. Experimental Setup

To validate the effectiveness of the proposed method, 13 types of LPI radar signals

were simulated [7], the related parameters and value can be found in Table 2.

Table 2. Parameters of 13 types of LPI radar signals.

Modulation Types Parameters Value
Rect Carrier frequency fo [fs/6, fs/5]
LEM Carrier frequency f [fs/6, fs/5]

Bandwidth B [fs/20, fs/16]
C Fundamental frequency f, [fs/30, fs/24]
ostas Frequency hop {3,4,5,6}
Code length {7,11,13}
Barker Cycles per phase code 20, 24]
Carrier frequency f [fs/6, fs/5]
Frank Number of frequency steps M {6,7,8}
Cycles per phase code Cp) 3, 5]
Carrier frequency fj [fs/6, fs/5]
P1, P2 Number of frequency steps M {6,7,8}
Cycles per phase code Cp) 3,5]
Carrier frequency fo [fs/6, fs/5]
P3,P4 Number of subcodes N, {36, 39, 64}
Cycles per phase code Cp) 3, 5]
T1. T2 Carrier frequency f [fs/6, fs/5]
’ Number of segments m {4,5,6}
Carrier frequency f [fs/6, fs/5]
T3, T4 Number of segments m {4,5,6}

Bandwidth B

[fs/20, fs/10]

The sampling frequency fs; was set to 100 MHz. AWGN was added during signal sim-
ulation with an SNR range of —10 dB to 10 dB with a step of 2 dB. For each modulation and
every SNR condition, 200 samples were generated, so each modulation has 2200 samples.
Multipath fading effects happen when radar signals travel through several routes while
being transmitted, to simulate the actual propagation process of signals, we introduced
a certain degree of attenuation to the signals during simulation. The following is how
the multipath fading channel parameters are set up: path delay 7 = U(1,1000)ns, path
gain G = U(—10,0), maximum Doppler shift fp = U(5,400)Hz. After signal simulation
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concludes, the time-domain signal was converted into a time—frequency image using CWD
time—frequency analysis, and the resulting time—frequency image was further processed
into grayscale. The generated image size was set to 224 x 224; EfficientNet-BO pre-trained
model was not used in our experiment.

During the dataset simulation phase, we use Matlab 2020a to simulate radar signals
and perform CWD time—frequency analysis. A remote server running Ubuntu 20.04 with
an NVIDIA RTX 3090 GPU and 24 GB of VRAM is used for the training step, based on the
improved EfficientNet model, CUDA version 11.3, PyTorch 1.10.0 deep learning framework,
and Python version 3.8. The training parameters are displayed during the training process
in Table 3.

Table 3. Training parameter setting.

No Parameter Value
1 Batch size 32
2 Iterations 50
3 Optimizer Adam
4 Learning rate 0.001
5 « in Focal Loss 0.25
6 v in Focal Loss 2

4.2. Experimental Results and Discussions

To validate the proposed method performance in recognizing 13 types of LPI radar
signals, a comparative analysis was conducted between the proposed method and the
original EfficientNet-B0 network. The recognition results of both approaches are shown in
Figure 4.

100

95

90

85

80

Average accuracy [%]

75 i
—— Efficient-BO

—%— Proposed Method
10 -8 -6 -4 -2 0 2 4 6 8 10
SNR [dB]

70

Figure 4. Performance comparison before and after improved.

As shown in Figure 4, when the SNR exceeds 0 dB, the classification performance of
the models based on EfficientNet-B0 and our proposed method show little difference. This
is because under conditions of low noise in the signal, the time—frequency map obtained
through CWD time—frequency analysis exhibits signal features from different waveform
modulations that are less affected by noise. After adjustment and extraction by the network,
these features become easier to classify. But when facing low SNR, higher noise levels in
the signal cause noise features to dominate the time—frequency image, making accurate
classification more challenging. In contrast to the pre-improvement approach, the improved
EfficientNet-BO model provides superior recognition and classification performance under
the same settings. Two significant changes are responsible for this improvement: First, the
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original serial design is changed to a parallel architecture by including the SimAM attention
mechanism into EfficientNet-B0. This allows the network to focus more on features relevant
to the image and the target’s time—frequency image during training, while paying less
attention to noise components. Consequently, the model extracts more effective features.
Meanwhile, samples that are hard to recognize during training are given more weight
when the Focal Loss function is used in place of the original cross-entropy loss function. As
a result, the model is more inclined to concentrate on data that falls into difficult categories,
increasing the overall classification accuracy.

Several ablation experiments were carried out using the overall classification accuracy
on the test set as the evaluation metric in order to better examine the effects of the SimAM
attention mechanism and Focal Loss function added in the improved method on the
model’s classification performance. Figure 5 displays the experimental results.

100
95
<
— 90
>
(8]
R
3 85
[8]
<<
—o— EfficientNet-BO
80 EfficientNet-BO+SimAM
—¥— EfficientNet-BO+Focal Loss
—— Proposed Method
75
-10 -8 -6 -4 -2 0 2 4 6 8 10
SNR [dB]

Figure 5. The impact of different improvement strategies on model recognition accuracy.

As shown in Figure 5, when the SNR exceeds 0 dB, both the original model and the
improved model yield satisfactory recognition performance, with negligible differences
observed between their results. However, under low-SNR conditions, integrating either the
SimAM attention mechanism or the Focal Loss function individually into the EfficientNet-
B0 model leads to a moderate improvement in recognition accuracy. Notably, the optimal
recognition performance is achieved when these two strategies are combined. Specifically,
for the enhanced approach incorporating both the SimAM attention mechanism and the
Focal Loss function, the overall recognition and classification accuracy of the network is
presented in Table 4.

Table 4. The impact of different strategies on model recognition rate.

Focal Loss SimAM Accuracy (%)
X X 95.54
X Vv 95.91
Vv X 96.01
Vv vV 96.48

A confusion matrix of the recognition results was displayed, as illustrated in Figure 6,
to further examine the model’s overall recognition performance for signals across various
modulation categories. Overall recognition accuracy is comparatively high for signals
modulated by employing techniques like Costas, LFM, and Rect. Nevertheless, multi-
phase modulation patterns such as P1 and P4 have a reduced recognition accuracy. This is
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mostly because P1 and P4 signals have very similar autocorrelation and model function
properties and are modulated using particular phase sequences. The category features in
the time—frequency plot become similar when there is a lot of noise in the signal, which
makes it harder for the model to properly distinguish between them. By modulating
signals through particular phase sequences, P4 codes themselves display very similar
autocorrelation and model function properties. The time—frequency plot’s category features
become indistinguishable when signal noise is strong, which hinders the model’s ability to
distinguish between categories and lowers recognition accuracy overall.
100
Barker Ecréygl 0.0 0.0 0.0 23 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Costas 0.0 [uIveXell 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Frank 0.0 0.0 YRl 0.0 0.0 1.8 0.0 5.9 0.0 0.0 0.0 0.5 0.0 80
LFM 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Rect 0.5 0.0 0.0 0.0 mEEEE 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

60

P1 0.0 0.0 0.5 0.0 0.0 0.0 8.6 0.0 0.0 0.5 0.0

P2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

True Label
Accuracy (%)

P3 0.0 0.0 3.6 0.0 0.0 0.0 0.0 0.0 0.0 0.5 0.0

- 40
P4 00 00 00 00 00 86 00 00 00 00 00 00
T1 00 00 00 00 00 00 00 00 00 [EGHM 45 00 00
T2 00 00 00 00 00 00 00 00 00 27 [N 00 00 -20
T3 00 00 00 00 00 00 00 00 00 00 00 [EKN 0.0

T4 0.0 0.0 0.0 0.0 0.0 0.0 1.8 0.5 0.0 0.0 0.0 0.0 97.7

PR AR LR LR L P S P

NS
S
@ % 4

S
()
N
2 <~

2
< °(°®

¢
Predicted Label

Figure 6. The overall classification results confusion matrix.

This study contrasts the suggested method with two additional methods based on
CWD time-frequency transformation and deep learning networks in order to further
compare the recognition performance of the improved method with other comparable
approaches. Using a CNN network that was created, Ref [1] carried out recognition based
on the LPI radar modulation technique by adjusting parameters such input size, number of
filters, filter size, and number of neurons. In order to develop the LPI-Net network for radar
signal modulation recognition, the Ref [7] used CWD time-frequency analysis. Figure 7
displays the three methods’ recognition results based on the simulation dataset.
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Figure 7. Comparison of classification performance across different methods.
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The recognition accuracy curves of the three methods for 13 distinct LPI radar signal
waveform modulations on the simulation dataset are displayed in Figure 7. It is evident
that under different SNR settings, the method suggested in this paper achieves an overall
higher identification accuracy than the other two techniques. The suggested improved
approach shows a notable improvement over the other two approaches, especially at low
SNR levels. The suggested method’s recognition accuracy of 84.38% at an SNR of —10 dB
surpasses the LPI-Net method’s 82.86% recognition performance.

It should be noted that in our experiments, the LPI radar signals were simulated with
Rayleigh fading to introduce a certain degree of signal attenuation, thereby simulating the
actual propagation characteristics of radar signals in realistic environments. To investi-
gate the impact of signal attenuation on waveform modulation recognition performance,
this study conducted additional simulations of the same 13 LPI radar signals without
attenuation under identical parameter configurations. The evaluation was performed
using the same dataset partitioning methodology, with results presented in Figure 8. As
illustrated in Figure 8, when attenuation is not incorporated during signal simulation,
the proposed method demonstrates superior signal modulation recognition performance
under low-SNR conditions. As SNR increases, the influence of attenuation on modu-
lation recognition accuracy gradually diminishes. This phenomenon occurs because at
sufficiently high SNR levels, the neural network model possesses adequate discriminative
capability to accurately identify the modulation type, effectively overcoming the effects of
channel-induced attenuation.
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Figure 8. Comparison of classification performance across attenuation.

5. Conclusions

This research proposes a method based on CWD time-frequency analysis and an
improved EfficientNet network to address the problem of low recognition accuracy for LPI
radar waveform modulations under low-SNR conditions. Radar signals are transformed
into two-dimensional time-frequency domain images through CWD time—frequency anal-
ysis. The EfficientNet network is then enhanced by integrating the SimAM attention
mechanism. Specifically, the original serial structure of SE attention and convolution in
the MBConv module is restructured into a parallel configuration where SimAM and SE
attention mechanisms operate in parallel, followed by convolution operations. Further-
more, the original cross-entropy loss function is replaced with the Focal Loss function to
address the issue of low classification accuracy for specific modulation categories during
training. This modification enables dynamic adjustment of loss weights for samples that
are difficult to classify during the training process. Experimental validation on a radar
signal simulation dataset comprising 13 waveform modulations demonstrates that the
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proposed enhanced method achieves superior classification accuracy compared to exist-
ing approaches. The method effectively mitigates noise interference and delivers robust
recognition performance, particularly under low-SNR conditions. While the current study
relies on comprehensive simulations that accurately model real LPI signal characteristics,
a primary direction for future research is to validate the proposed algorithm using mea-
sured data obtained through collaborative efforts or open-source datasets, and the other
direction is to improve classification accuracy while maintaining or reducing network
architectural complexity.

In addition, Current research is limited to the LPI radar waveform modulation recog-
nition, which is beneficial to both military defense and civil infrastructure optimization
and does not pose a threat to public health or national security. The authors acknowledge
the dual use potential of the research and confirm that all necessary precautions have been
taken to prevent potential misuse. As an ethical responsibility, the authors strictly adhere to
relevant national and international laws about DURC. The authors advocate for responsible
deployment, ethical considerations, regulatory compliance, and transparent reporting to
mitigate misuse risks and foster beneficial outcomes.
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