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Abstract: Moving target detection is one of the most important tasks of radar systems. The clutter
echo received by radar is usually strong and heterogeneous when the radar works in a complex
terrain environment, resulting in performance degradation in moving target detection. Utilizing
prior knowledge of the clutter distribution in the space–time domain, this paper proposes a novel
moving target detection network based on small-sample transfer learning and attention mechanism.
The proposed network first utilizes offline data to train the feature extraction network and reduce the
online training time. Meanwhile, the attention mechanism used for feature extraction is applied in
the beam-Doppler domain to improve classification accuracy of targets. Then, a small amount of real-
time data are applied to a small-sample transfer network to fine-tune the feature extraction network.
Finally, the target detection can be realized by the fine-tuned network. Simulation experiments show
that the proposed network can eliminate the influence of heterogeneous clutter on moving target
detection, and the attention mechanism can improve clutter suppression under a low signal-to-noise
ratio regime. The proposed network has a lower computational load compared to conventional
neural networks, enabling its use in real-time applications on space-borne/airborne radars.

Keywords: radar moving target detection; deep convolutional networks; small-sample network;
attention mechanism

1. Introduction

Moving target detection is an important task in spaceborne/airborne radar signal
processing. However, when the radar operates in a down-looking mode, it often faces
strong ground clutter that can spread in the space–time domain and submerge slow,
weakly moving targets [1]. To eliminate the impact of clutter on target detection, space–
time adaptive processing (STAP) was proposed in 1973 [2]. The method performs joint
adaptive processing in the element-pulse domain to effectively filter out space–time coupled
clutter and achieve coherent accumulation of targets. It is a key technology for radar
clutter suppression and moving target detection on various moving platforms. STAP
requires a certain number of independent and identically distributed (IID) training samples
as support; whereas actual clutter environments are often non-homogeneous or non-
stationary. The non-homogeneity of clutter mainly comes from different types of ground
objects, terrain, strong isolated clutter, dense moving targets, etc. The non-stationarity
of clutter mainly comes from non-side-looking arrays, nonlinear arrays, bistatic radar
configurations, platform yaw, and equivalent yaw due to the rotation of the Earth [3–6]. The
non-homogeneity or non-stationarity of clutter prevents radar systems from acquiring an
adequate number of IID samples, thereby presenting substantial challenges to conventional
STAP for detecting moving targets.

To address these issues, methods such as direct data domain (DDD) STAP [7],
knowledge-aided (KA) STAP [8–10], and sparse recovery (SR) STAP [11–16] have been
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proposed. These methods aim to achieve suboptimal clutter suppression performance
under limited sample conditions. The DDD STAP method utilizes only the echo data from
the range bin under detection, completely eliminating the issue of insufficient IID samples
in non-stationary/non-uniform clutter environments. However, it is susceptible to array
errors and suffers from significant aperture loss, preventing it from achieving optimal
performance. Additionally, its spatial domain smoothing process limits its applicability to
radars with uniform linear/planar arrays. KA STAP method employs prior information
from the platform and radar system to pre-estimate the clutter covariance matrix (CCM)
and pre-whiten the clutter. Nevertheless, due to internal and external unknown non-ideal
factors such as antenna errors and clutter fluctuations, the estimated CCM deviates signifi-
cantly from the actual values. Moreover, the problem of reasonable allocation of weight
coefficients between the CCM constructed from prior knowledge and the CCM estimated by
maximum likelihood has not been well resolved. SR STAP leverages the sparse distribution
characteristics of clutter in the space–time domain. By imposing sparse constraints on the
space–time spectral coefficients, it can reconstruct the clutter’s super-resolution space–time
spectrum and calculate the corresponding CCM with a small number of observed samples.
However, these methods are sensitive to array errors and typically rely on iterative opti-
mization techniques for solution, often leading to long execution times, low efficiency, and
difficulties in selecting hyperparameters, which are not conducive to practical applications.
Despite these challenges, sparse recovery methods offer a new approach to enhancing
STAP performance under small-sample conditions.

In the field of deep learning, moving target detection and classification mainly rely
on the extraction of deep features by convolutional neural networks (CNNs). The strong
generalization ability of CNNs can mitigate the impact of non-homogeneous clutter to
some extent. In 2018, Liu Zhe proposed a CNN network model for moving target detection
that can operate under non-homogeneous radar echo data conditions [17]. The application
of autoencoder networks in radar signal processing allows for the reconstruction and
simulation of radar echo signals. In 2019, Simon Wagner [18] utilized autoencoder networks
to generate radar echo signals, comparing them with actual radar echo signals to locate
the region of the target signal, thereby accurately detecting moving target signals. In 2020,
Xiaolong Chen [19] used adversarial generative networks to suppress sea clutter, enhancing
the detection performance of moving targets on the sea surface. In 2021, Keqing Duan [20]
employed a CNN to reconstruct high-resolution angle-Doppler profiles, then used the
obtained space–time two-dimensional clutter spectrum to reconstruct the covariance matrix.
Finally, they used the reconstructed covariance matrix to calculate the STAP weights and
achieve clutter suppression. Although convolutional neural networks can overcome the
impact of non-homogeneous environments, their training requires a large amount of sample
data, making it difficult to apply them to actual radar systems. Additionally, existing
CNN-based methods require online learning of radar clutter features, which involves a
high computational load and is not suitable for real-time radar processing. On the basis
of clutter suppression, considering the impact of residual clutter and broadening, it is
also necessary to combine with detectors such as CFAR to achieve target detection. Jian
Xue [21–23] utilized a neural network and multisample percentiles to extract the shape
characteristics of sea clutter, and designed adaptive and persymmetric detectors to mitigate
the effects of heavy-tailed and nonhomogeneous and non-Gaussian sea clutter on target
detection performance.

To overcome these limitations, this paper proposes a small-sample migration network
(SSM-Net) based on deep learning. This method fully utilizes the prior knowledge of clutter
distribution in the space–time domain. It first uses offline data to pretrain a feature extrac-
tion network to reduce the online training time of the deep neural network. Then, based on
a small amount of collected real-time data, it fine-tunes the feature extraction network using
a small-sample migration network. Finally, it uses the fine-tuned network to complete mov-
ing target detection. In terms of feature extraction, the paper also utilizes the aggregation
of targets in the angle-Doppler plane and proposes a dual-channel attention mechanism
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in the beam-Doppler domain to improve classification accuracy. Simulation experiments
demonstrate that the network can effectively reduce the impact of non-homogeneous clutter
on moving target detection and can extract the main features of moving targets under a
low signal-to-clutter ratio (SCR). Compared to traditional convolutional neural networks,
the proposed small-sample network requires fewer measured data samples and has lower
computational cost, making real-time detection of moving targets based on deep learning
possible and having great potential for practical applications in future radar systems.

2. Radar Signal Model and Problem Formulation of Moving Target Detection
2.1. Radar Signal Model

Assume the radar is mounted on a platform flying at a constant horizontal speed of v
at an altitude H. A coordinate axis is established with the Earth’s center as the origin. The
direction of the platform’s flight is the X-axis, as illustrated in Figure 1. Assume the airborne
radar array consists of N elements placed in a uniform linear array with a side-looking
configuration. θ and φ represent the azimuth and elevation angles of the antenna beam’s
direction for the current clutter patch, respectively. The pulse repetition interval is Tr, and
the pulse repetition frequency is fr = 1/Tr. During the coherent processing interval, M
pulses are transmitted.
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Assume there are Nc clutter cells uniformly distributed in the azimuth within the
range cell to be detected, as shown in Figure 1. The normalized Doppler frequency of each
clutter cell is given by

fd(φ, θ) =
2V cos φ cos θ

λ fr
, (1)

where λ is the radar operating wavelength, and fr is the pulse repetition frequency. The
normalized spatial frequency of the clutter block is

fs(φ, θ) =
d cos φ cos θ

λ
. (2)

where d is the element spacing. For a uniform linear array, the temporal and spatial steering
vectors for each clutter cell arewd( fd(θ, φ)) =

[
1, ejπ fd(θ,φ), . . . , ejπ(M−1) fd(θ,φ)

]T
,

ws( fs(θ, φ)) =
[
1, ejπ fs(θ,φ), . . . , ejπ(N−1) fs(θ,φ)

]T
.

(3)
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Assuming each clutter cell is statistically independent, and considering array errors
and clutter fluctuations, the space–time snapshot data for each range cell can be expressed
as the superposition of the echo signals from clutter cells at different ambiguous ranges [24]:

xc =
Nc

∑
i=1

αi[γ ⊙ wd(θi, φi)]⊗ [e(θi, φi)⊙ ws(θi, φi)], (4)

where αi represents the echo amplitude of the i-th clutter cell, which is related to the
radar transmit power, antenna gain, clutter cell reflectivity, terrain scattering coefficient,
etc. γ = [γ1, γ2, . . . , γM]T represents the fluctuating component between coherent pulses;
e(θ, φ) = [e1(θ, φ), e2(θ, φ), . . . , eN(θ, φ)]T represents the array error component; ⊙ and ⊗
denote the Hadamard product and Kronecker product between matrices, respectively.

Similarly, the echo signal of a moving target can be expressed as

xt = αtwd( ft)⊗ [e(θt, φt)⊙ ws(θt, φt)], (5)

where αt represents the complex amplitude of the signal; and ft, θt, and φt represent
the normalized Doppler frequency, azimuth angle, and elevation angle of the moving
target, respectively.

2.2. Moving Target Detection

Airborne radar moving target detection can be described as a binary hypothesis testing
problem: {

H0 : y = xc + n,
H1 : y = xt + xc + n,

(6)

where y represents the received echo, n represents the Gaussian white noise component,
H0 stands for scene echoes with targets, and H1 stands for scene echoes without targets.
This problem is a typical target detection problem in clutter.

Traditional radar moving target detection methods can generally be divided into
two categories: the first category directly uses multi-channel adaptive detectors for target
detection, such as the generalized likelihood ratio (GLRT) and adaptive matched filter
(AMF); the second category first filters and then detects, i.e., uses the traditional STAP
clutter suppression followed by constant false alarm rate (CFAR) detection [25]. The perfor-
mance of these methods largely depends on the estimation accuracy of the clutter statistics
(i.e., the clutter covariance matrix). However, estimating the clutter covariance matrix
requires a large number of IID samples, which is difficult to meet in actual heterogeneous
environments. Therefore, the detection performance of traditional methods can sharply
decline in heterogeneous clutter environments.

In the field of deep learning, the training and learning of convolutional networks do not
depend on changes in data characteristics, making deep learning an area of interest in radar
applications in recent years. Current deep learning-based airborne radar target detection
methods have shown good generalization ability to heterogeneous clutter scenes [17].
However, it is worth noting that the training of convolutional neural networks requires a
large number of data samples and an extremely long training time, making current deep
learning-based airborne radar moving target detection still theoretical and difficult to apply
in actual systems. To overcome the aforementioned limitations, this paper proposes a few-
shot radar moving target detection network based on pre-training and transfer learning.
We will introduce the components of this network in detail.

3. Structure of Small-Sample Moving Target Detection Network

The small-sample migration network (SSM-Net) proposed in this paper is based on
space-borne/airborne radar prior knowledge. According to (1) and (2), the distribution of
clutter in the radar’s space–time two-dimensional plane is coupled. The specific distribution
trajectory is determined by the radar system, platform attitude, platform height, platform



Remote Sens. 2024, 16, 4325 5 of 20

velocity, and observation scenario. Therefore, we can obtain a large number of training
samples through offline simulation based on prior knowledge of the system, platform,
and scenario parameters. Of course, in the actual radar working environment, due to
factors such as platform attitude, platform yaw, and array amplitude-phase errors, the
actual collected clutter may have some deviations from the simulated clutter. This paper
uses simulated clutter and actual clutter to train and correct the network, respectively, and
finally uses SSM-Net to realize the detection of radar moving targets.

The training process of the small-sample migration network model consists of two
parts: the first step is to train the feature extraction network based on simulated radar echo
data, which is offline network training; the second step is to fine-tune the feature extraction
network using a small-sample migration network with a small amount of collected real-
time data, which is online training; and finally, the fine-tuned network is used to complete
the detection of moving targets. It should be noted that the simulated clutter echoes need
to be augmented based on factors such as the type of detection targets and interference
environments in order to provide sufficient samples for network model training.

The network model is composed of a feature extraction network (FENet) that combines
convolutional neural networks with attention mechanisms, and an improved Siamese
network [26–30]. For a detailed description of each module of the network, refer to the
following text. The overall network model is illustrated in Figure 2.
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3.1. Feature Extraction Network Model Based on Attention Mechanism

Drawing on traditional CNN networks and combining the characteristics of radar echo
data, this paper proposes a deep learning feature extraction network (FENet) model based
on attention mechanism. To better extract the data features of clutter and moving target
signals, this paper converts the simulated radar echo signal to the beam-Doppler domain
and divides the data into real and imaginary parts for input to FENet. Since targets are
point-distributed in the angle-Doppler plane, while clutter is strip-distributed, they often
occupy only a few cells in the beam-Doppler domain. Therefore, another benefit of deep
learning in the beam-Doppler domain is that it facilitates the use of attention mechanisms
to enhance feature extraction performance and efficiency. As shown in Figure 3, the FENet
model proposed in this paper consists of 4 convolutional layers, 2 pooling layers, 4 attention
modules, and 2 fully connected layers. The input is the radar’s three-dimensional echo
signal in the beam-Doppler domain, and the output is the category to which the moving
target signal belongs.
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The convolutional layer is used for feature extraction, mainly extracting the main
features of the moving target from the input data:

Fc = Relu(Wc ∗ Y + bc) (7)

In the network, the convolutional layers utilize the Rectified Linear Unit (ReLU)
activation function and zero-padding operations. Let Fc represent the feature matrix
after the convolutional network; and Wc denote the convolution kernel with dimensions
f × f × c, where f represents the length and width of the convolution kernel, and c is the
number of convolution kernels, i.e., the number of output feature channels. ∗ denotes
the convolution operation, bc is the bias vector, and the output feature dimensions are
h × w × c, where h and w are the length and width of the output data, respectively. Their
values are related to the convolution stride sc, and the specific relationship is as follows:

h = ⌈M/sc⌉
w = ⌈N/sc⌉

(8)

where ⌈⌉ represents the ceiling operation, which rounds up to the nearest integer.
In the field of radar signal processing, distinguishing between targets and clutter is

a core challenge. Targets typically appear as point distributions on the angle-Doppler
plane, while clutter exhibits strip-like patterns. To enhance the training efficiency of the
pre-trained network model, as well as to improve the detection capability for targets and the
suppression of clutter, this paper introduces an attention module for weighted processing
of the features extracted by the convolutional network.

The attention module used in this paper is based on the prior distribution characteris-
tics of targets and clutter for weight extraction, specifically employing the convolutional
block attention module (CBAM) [30]. CBAM consists of two parts: the spatial attention
module and the channel attention module. When processing the input radar signal, the
spatial dimension refers to the beam-Doppler two-dimensional space of the data, while
the channel dimension corresponds to the real and imaginary parts of the data. CBAM can
dynamically adjust the focus on channel and spatial information according to the learning
process of the network, and the output-normalized attention parameters can, to some
extent, achieve the suppression of clutter and the enhancement of moving targets. In this
way, CBAM not only accelerates the training speed of the model but also improves the
performance of the model in actual complex environments, enabling it to detect moving
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targets more accurately. This mechanism is crucial for enhancing the performance of the
few-shot radar moving target detection network.

In the CBAM, the channel attention module is illustrated in Figure 4. Firstly, global
average pooling and global maximum pooling are performed on the convolutional feature
maps along the channel dimension, resulting in two feature maps of size 1 × 1 × c, where
c is the number of channels. {

Fc
avg = mean(Fc)

Fc
max = max(Fc)

(9)
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In the equation, Fc
avg represents the feature vector obtained after the average pooling

operation, and Fc
max denotes the feature vector obtained from the maximum pooling opera-

tion. max( ) and mean( ) represent the maximum pooling operation and the average pooling
operation, respectively.

The obtained feature vectors Fc
avg and Fc

max are then fed into a two-layer neural net-
work, MLP (multi-layer perceptron), separately. The size of the feature matrix output by
the MLP is the same as the size of the input feature matrix. The activation function used in
the network is Relu. This process results in the updated feature vectors Fc

avg′ and Fc
max′.{

Fc
avg′ = Relu

(
W1(W0(Fc

avg) + b0) + b1

)
Fc

max′ = Relu(W1(W0(Fc
max) + b0) + b1)

(10)

In the equation, Fc
avg′ represents the feature parameters extracted by the neural network

from the average pooling; Fc
max′ denotes the feature parameters extracted by the neural

network from the maximum pooling.
The feature vectors Fc

avg′ and Fc
max′ are summed together, and then normalized using

the sigmoid function to generate the final channel attention feature vector Mc(F).

Mc(F) = Sigmoid(Fc
avg′+ Fe

max′) (11)

The channel attention feature vector Mc(F) represents the weight of each channel in
the input data, indicating the importance or contribution of each channel to the overall
feature representation.

In the CBAM, the spatial attention module, as illustrated in Figure 5, concatenates the
feature vectors Fc

max and Fc
avg to perform a convolution operation on them. After this, the

resulting feature map is subjected to a global normalization of weights using the sigmoid
function, which produces the updated weight vector matrix Ms(F).

Ms(F) = Softmax
(

f s×s
([

Fc
avg; Fc

max

]))
(12)

where [; ] represents the concatenation operation, f s×s(·) denotes the convolution operation,
s is the size of the convolution kernel, and Softmax( ) serves as a classification identifier.
The weights of the spatial attention module are primarily used to weight the convolutional
network for individual channels.
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The pooling layer is used for data dimensionality reduction, compressing the features
after convolution:

FP = γP(Fc; kp, sp
)

(13)

where FP is the feature matrix after pooling, γp represents the down-sampling operator, kp
is the window length of the down-sampling operator, and sp is the down-sampling step
size. After pooling, the dimension of the feature matrix is reduced, which not only reduces
the number of parameters for the subsequent convolution but also prevents overfitting.

A fully connected layer flattens the feature matrix extracted by the convolution opera-
tion and simultaneously compresses the flattened feature values:

y f = γ f
(〈

W f , vec
(

FP
)〉

+ b f

)
(14)

where y f is the output feature of the fully connected layer; vec( ) denotes the vectorization
of a matrix, which transforms a two-dimensional feature matrix into a vector; ⟨·⟩ represents
the inner product of two vectors; W f is the weight vector; b f is the bias vector; and γ f

represents the activation function. In the FENet network, the first fully connected layer
uses the tanh activation function, and the second layer uses the sigmoid activation function.

The final recognition layer employs a softmax classifier, which determines the proba-
bility of the output data from the fully connected layer belonging to the k-th class target
as follows:

yk= p( k|Y) = e(⟨wk ,y f ⟩+bk)

∑
k=0,1,...,K−1

e(⟨wk,y f ⟩+bk)
(15)

The prediction of FENet is the probability values of multiple categories. To achieve
better convergence, the loss function used in the experiment is mean squared error, and its
specific mathematical expression is

Loss(ΘFEN) =
1

Mtotal

Mtotal

∑
m=1

(
K

∑
k=0

|yk − Ik|2) (16)

where Mtotal represents the total number of samples during batch training, and Ik denotes
the classification label vector corresponding to the query sample. After constructing the
FENet network model, it is necessary to solve for the parameters of the network model
using training data. Let ΘFEN denote the set of all parameters in the FENet model, then the
training process of the model is described as follows:

ΘFEN= argmin Loss(ΘFEN) (17)

3.2. Few-Shot Transfer Learning Network Model

Considering that there are often deviations between the offline training data and the
real-time data collected by radar due to non-ideal factors such as array errors and platform
yaw, directly applying a feature extraction network trained on offline data to real-time
airborne radar data usually cannot achieve satisfactory moving target detection effects. On
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the other hand, if real-time data collected by airborne radar are directly used for network
training, the excessively long training time is not sustainable for airborne radar real-time
processing systems. Therefore, this paper proposes a few-shot network based on the twin
network model [31], hoping to realize moving target detection with the assistance of a
small number of real measured data samples. In order to achieve accurate detection of
moving targets with a small number of data samples, the proposed few-shot network
model integrates the feature extraction network and the twin network. Using the idea of
transfer learning, and combining with the real-time echo data collected, the pretrained
FENet model is fine-tuned to enable the adjusted network model to generalize non-ideal
factors such as array errors, and finally achieve satisfactory prediction accuracy.

The few-shot network model is shown in Figure 6, where f1(θ) and f2(θ) are both
well-trained FENet models. The training process of the few-shot network is as follows:
the network extracts features of the support dataset; the network extracts features of the
query dataset; then the similarity between the two is calculated, and the loss function is
constructed by comparing with the sample labels, thus completing the fine-tuning training
of the network.
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In the few-shot network, when calculating the similarity function of feature vectors,
we use the nearest centroid cosine similarity function. The dataset used during the training
of the few-shot network includes the support dataset and the query dataset. To better
distinguish which class the query sample belongs to, we can regard this situation as a
classification of clustering and use the nearest centroid method to determine which class
the training sample belongs to. The mathematical expression of the centroid of each class is

wk =
1

|Ak| ∑
x∈Ak

fΘSSM (Y) (18)

In the above equation, Ak represents the samples belonging to class k in the support
dataset. In the training of the few-shot network, the probability of the sample Y belonging
to class k is characterized by the cosine similarity between the feature vector of sample Y
and the centroid of class k, denoted as yk-ssm, with the mathematical expression below:

yk-ssm = p(k|Y) = exp(τ · ⟨ fθ(Y), wk⟩)
∑k=0,1...,K−1 exp(τ · ⟨ fθ(Y), wk⟩)

(19)

In the above equation, ⟨·, ·⟩ represents cosine similarity, and τ is a learnable parameter
added to scale the value of cosine similarity. τ primarily scales the value of the cosine
similarity and needs to be adjusted through cross-validation. The adjustment range is from
0.05 to 0.2, and it is generally set to 0.1.
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After the few-shot correction, the network outputs a probability vector of the class
to which the sample belongs. The sample labels are also similar to those in the FENet
network. Therefore, the loss function of the correction network still uses the mean squared
error function.

Loss(ΘSSM) =
1

Mtotal-SSM

Mtotal-SSM

∑
m=1

(
K

∑
k=0

|yk-ssm − Ik|2) (20)

where Mtotal-SSM represents the total number of samples during batch training, and Ik
denotes the classification label vector corresponding to the query sample. After constructing
the SSM-Net network model, it is necessary to solve for the parameters of the network
model using training data. Let ΘSSM denote the parameter set in the SSM-Net model, then
the training process of the model is described as follows:

ΘSSM= argmin Loss(ΘSSM) (21)

Once the parameters of the network have been updated with real small-sample data
obtained through radar, the SSM-Net network has adapted to the real radar scene echoes
and system spatiotemporal errors. This network can be directly applied to the real radar
echoes for moving target detection, obtaining detection results of moving targets at different
distances and speeds.

4. Construction of the Dataset
4.1. Clutter Data Generation

To a certain extent, the more training samples there are, the better the training of
the network model for convolutional neural networks. To address this issue, this paper
generates the training dataset required for FENet through computer simulation based
on the high-fidelity airborne radar clutter modeling and simulation method described in
Ref [24]. The radar system parameters used during the clutter simulation process are listed
in Table 1.

Table 1. Basic parameters of few-shot simulation data.

Parameter Value

Number of elements in pitch 1
Number of elements in azimuth 16

Number of pulses 64
Pulse repetition frequency 4000 Hz

Element spacing 0.25 m
Signal-to-clutter-plus-noise ratio 40 dB

Wavelength 0.5 m
Carrier aircraft altitude 4000 m
Carrier aircraft speed 120 m/s

Based on the compliance relationship between the clutter spatial incident cone angle
and the Doppler frequency, the clutter space–time distribution ridge line can be accurately
calculated. However, in actual working conditions, the collected clutter may have errors.
For example, array errors, channel errors, and wind-induced internal movement of the
clutter can cause the clutter to become decorrelated in the spatial domain and the temporal
domain, respectively, resulting in the clutter power spectrum spreading on the space–time
plane. We also consider these factors in the actual simulation, which can be described
as follows:



Remote Sens. 2024, 16, 4325 11 of 20

1. Array errors and finite bandwidth channel errors can both be represented as spatial
weighting of the array signal vector. The weighting of the radar echo signal can be
represented as

ts =
[
η1ejϖ1, η2ejϖ2, · · · , ηMejϖM

]T
⊙
[
ε1ejυ1, ε2ejυ2, · · · , εMejυM

]T
(22)

where η and ϖ represent the amplitude and phase errors on the array element, and ε
and υ represent the amplitude and phase errors on the channel. Generally, η and ε are
in the vicinity of 1, and ϖ and υ are within 5◦.

2. The internal movement of the clutter is related to wind speed and carrier frequency,
specifically expressed as vector weighting in the temporal domain of the clutter. The
mathematical expression is

te=

(
r

r + 1
+

1
r + 1

(βλ)2

(βλ)2 + (4πTr)
2

) 1
2

ξ (23)

where r is a function of wind speed and carrier frequency, β is a parameter related to
wind speed, and ξ is Gaussian white noise.

4.2. Data Expansion

The training of the FENet model requires a large dataset. To better generate the
corresponding training and test datasets, we use the simulated radar echo data as the
background clutter data and add moving target signals with different powers to the clutter
data to generate the datasets we need for training. During the dataset expansion process,
we use the clutter power, target power, and the range cell where the target is located as
variable factors to expand the dataset. Assuming that the 33rd range cell containing the
moving target is considered as the cell under test, and there are 5 guard cells on both
sides of the cell under test, the range gates where the training data are selected are located
outside the guard cells. For each training, we select 8 range gates, and the range gates
selected for the training data are shown in Figure 7.
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Figure 7. Schematic diagram of data selection and expansion.

To cover a wider range of actual scenarios, this paper considers expanding the echo
signals in the simulation by addressing the following three situations. Certainly, the
following three data models were extended based on typical issues encountered in target
detection, but they do not encompass all possible situations, such as actively deployed
deceptive jamming. If there are new data extension and application scenario requirements,
additional data models can be incorporated into the training samples to enhance the
algorithm’s adaptability to these scenarios.
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1. On top of the original simulated clutter, adding moving target signals with different
power levels for expansion.

2. To simulate the yaw of the radar platform during flight and the equivalent yaw
effect caused by the Earth’s rotation under satellite platforms, the yaw factor must
be considered when simulating clutter. Here, the platform yaw angles are set to 3◦,
5◦, and 10◦, and the simulated clutter data are expanded by adding moving target
signals with different power levels.

3. In actual radar echoes, other range gates outside the detection range gate may contain
interference signals with different power levels. To simulate the interference process,
a moving target signal with a power level different from the target is randomly added
to the selected training dataset as an interference signal, and then the simulated clutter
data are expanded by adding moving target signals with different power levels.

The datasets resulting from the three different background expansions mentioned
above correspond to the first type of dataset (one), the second type of dataset (two), and
the third type of dataset (three). To satisfy the training requirements of FENet, this paper
expands the simulated echo data with three different clutter backgrounds. After expansion,
each dataset reaches a size of LR × M × N × Span, where LR is the number of range gates in
the constructed dataset, and Span is the expansion multiple.

The expansion of moving target signals is divided into a total of K classes, with the
0th class being pure clutter signals, meaning no moving target signals are added. For the
classes where targets exist, each class corresponds to the normalized Doppler frequency of
the moving target as follows:

ft,k = −1
2
+

k − 1
K − 1

, k= 1, 2, · · · , K − 1 (24)

In moving target detection, it is assumed that the target is located at the center of
the radar’s beam, and its spatial frequency is fixed. Only the extended target data corre-
sponding to different velocities need to be generated. The extended training data Yk,h is
as follows:

Yk,h = xt,k,h + xc + n (25)

where xt,k,h represents the extended moving target data with a normalized Doppler fre-
quency of wk and an amplitude of αt,h, and the specific expression is as follows:

xt,k,h = αt,hwd( ft,k)⊗ [e(θt, φt)⊙ ws(θt, φt)] (26)

The FENet dataset is generated based on prior knowledge of radar systems through
simulation, while the dataset for the few-shot network is composed of real radar echo
data. Real radar echo data inherently contain unknown spatiotemporal errors, which
distinguishes them from simulated echo data and is a limitation that cannot be fully
replicated in simulations.

When constructing the dataset for training SSM-Net, real radar echo data are employed.
The query dataset is expanded using LR range gate data, with different moving target
signals added across these range gates. In future applications, the number of moving
target signals added to the dataset can be varied as per experimental requirements. For the
support dataset, we continue to use the dataset from the feature extraction network, and
the batch training method is illustrated in Figure 6. For each class, two samples are selected,
resulting in a total of 16 data samples that form the support dataset. The validation dataset
for the small-sample network consists of all range gate data from the actual radar signals.

5. Experimental Validation

This section validates the performance of the proposed SSM-Net method through
simulation experiments. We have obtained echo data from 500 range gates through sim-
ulation, and the dataset expansion method and parameters are shown in Section 4. The
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dataset is divided into training and test datasets at an 8:2 ratio. During the training of
the feature extraction network model, when the batch training is a multiple of 20, the
prediction accuracy of the test dataset is output. Training is terminated and the network
model parameters are saved when the training accuracy of the test dataset has an error of
no more than 0.01% or the batch training reaches 200 times.

The input dimension size to the network during model training is batch_size × 16 × 64 × 2,
where batch_size is the size of the data batch during network training, and the label is the
normalized Doppler frequency of the moving target corresponding to each sample, with a
total of K categories, including the moving target of the actual radar echo. The optimization
strategy used during network training is Adam, with batch_size set to 404 and a learning
rate of 0.001. The few-shot network training uses a dataset with a batch size of 1, an
optimization strategy of Adam, a learning rate of 0.005, and epochs set to 3.

5.1. Training of the Feature Extraction Network

Although the training of the FENet model is based on pre-training with simulated
clutter, it is crucial for the performance of target detection. The fine-tuning of the few-shot
network also relies on the training performed with FENet. The expansion parameters for
the training dataset are shown in Table 2.

Table 2. Dataset expansion parameters.

Parameter Value

Number of range gates 8
Signal-to-clutter-plus-noise ratio −15 dB to 20 dB

Number of moving targets 8
Expansion factor 101

The training accuracy and loss function of FENet after 200 batches of training are
shown in Table 3. To achieve a one-to-one correspondence between the dataset and the
trained FENet model, FENet trained with the one, two, and three datasets is used as the
training dataset, and the trained network models are saved as One-FENet, Two-FENet, and
Three-FENet.

Table 3. FENet training results.

Data Loss Training Accuracy

One
0.0975 0.9864
0.1152 0.9612

Two
0.1264 0.9654

0.1864 0.9432

Three
0.1717 0.9502
0.2017 0.9378

To test the actual test accuracy of the feature extraction network model, this paper
constructs three validation echo datasets with different clutter backgrounds. At the 35th
range gate of the echo, a moving target signal of the fifth class is added, and the signal-
clutter-to-noise ratio (SCNR) in the echo signal is 10 dB. The validated echo data are input
into the trained One-FENet, Two-FENet, and Three-FENet network models, and the moving
target prediction results are shown in Figure 8. All three network models can detect the
moving target signal well.
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In the airborne radar moving target detection system, the probability of detection
of moving targets under different SCNR conditions is the focus of experimental research
and an important indicator to measure the performance of an airborne radar system. To
verify the impact of adding attention mechanisms to the feature extraction network, a
comparative experiment is constructed, comparing the feature extraction network with the
feature extraction network without attention mechanisms (2C-CNN). As shown in Figure 9,
under high SCNR conditions, FENet and 2C-CNN have similar prediction accuracy on the
validation dataset and can both reach about 92. However, under low-SCNR conditions,
especially at −25 dB to −12 dB, the detection performance of the proposed FENet is
about 5% higher on average than the prediction accuracy of the traditional 2C-CNN
dataset, further demonstrating the superiority and feasibility of the FENet model after the
introduction of attention mechanisms.
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To further validate the impact of attention mechanisms on the internal structure of
the feature extraction network, three sample data from three validation datasets were
selected, with the moving target in the sixth category. The three sample data were input
into the corresponding trained network models, and the softmax function at the end of
the fully connected layer in the feature extraction network was removed to observe the
impact of the attention mechanism on the sample prediction classification probability. In
Figure 10a–c, the final classification prediction probabilities of the three samples are shown.
The comparison results of each group show that the prediction probability of the moving
target of the sixth category reaches 62% when attention mechanisms are added, which is
about 10% higher than without attention mechanisms.
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Figure 10. The impact of attention mechanism on classification prediction: (a) Classification prediction
probability for data one; (b) classification prediction probability for data two; (c) classification
prediction probability for data three.

5.2. Training of the Few-Shot Transfer Network

In the few-shot network, the number of samples in the few-shot dataset can also affect
the prediction results. To find the optimal number of samples per class in the few-shot
dataset, we constructed 1-shot, 5-shot, and 8-shot few-shot datasets, corresponding to 8, 40,
and 64 sample data in the training dataset, respectively. Then, we conducted experimental
validations on the trained One-FENet model. The results, as shown in Table 4, indicate
that when there are five samples per class, the prediction accuracy of the validation data
is already close to 94%. Considering the difficulty of obtaining actual radar samples, we
chose the 5-shot dataset for subsequent validation experiments.

Table 4. The impact of sample size on the prediction accuracy of SSM-Net.

Data Sample Loss Prediction Accuracy

1-shot 0.5346 0.871
5-shot 0.3369 0.938
8-shot 0.3243 0.941

In this study, we conducted comparative experiments with the traditional STAP+CFAR
(STAP uses the EFA method, and CFAR uses the cell-averaging CFAR, with a CFAR
detection threshold of 13 dB) and the few-shot network proposed in Ref. [31]. The data
used were from the validation dataset with 500 range gates, and different power moving
target signals were added to each range gate. The clutter-to-noise ratio in the background
clutter was 40 dB. The experimental results are shown in Figure 11. Figure 11a is the
experimental comparison diagram under the One-FENet training model; Figure 11b is the
experimental comparison diagram under the Two-FENet training model; Figure 11c is the
experimental comparison diagram under the Three-FENet training model. From an overall
comparison of the experimental diagrams, it can be seen that when the SNR changes from
−5 dB to −10 dB, the detection accuracy of the traditional STAP+CFAR method drops
straight to about 0, while the prediction accuracy of SSM-Net and MB-FSNet still remains
above 90%; in the comparison between the SSM-Net model and MB-FSNet model, when
the SCR is from −30 dB to −25 dB, under the One-FENet and Three-FENet models, the
prediction accuracy of SSM-Net is about 15% higher than that of MB-FSNet, and under
the Two-FENet model, the prediction accuracy of SSM-Net is about 5% higher than that of
MB-FSNet. This experiment fully demonstrates the feasibility of the network.
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model; (c) comparison experiment under Three-FENet model.

To further verify the accuracy and superiority of SSM-Net in actual radar moving
target detection, we used the first 50 range gate data containing moving target signals from
the three types of simulated echo signals as the detection units, with the echo signal SCR at
−25 dB. We used the SSM-Net and STAP+CFAR methods to detect them, and the results are
shown in Figure 12. Figure 12a,c,e are the moving target detection results of SSM-Net based
on One-FENet, Two-FENet, and Three-FENet, respectively. Figure 12b,d,f are the detection
results of STAP+CFAR in the corresponding three types of echoes. The comparison shows
that in these three cases, the SSM-Net model can accurately detect moving targets without
false alarms, while the traditional STAP+CFAR method has different numbers of false
alarms in each dataset, further indicating that in low-SCR situations the SSM-Net model
proposed in this paper has better detection results.

5.3. Training Complexity Analysis

The spatial complexity of the convolutional neural network determines the number of
model parameters. Due to the limitation of the curse of dimensionality, the more parameters
a model has, the more data are required to train the model, and the more expensive the
hardware required for training. For a CNN, its spatial complexity formula is

O

(
D

∑
l=1

K2
l × Cl−1 × Cl +

D

∑
l=1

M2
l × Cl

)
(27)

where D represents the number of convolutional layers in the neural network, Cl represents
the number of output channels of the convolutional layer, Cl−1 represents the number of
output channels of the previous convolutional network, Ml represents the side length of
the output feature map of the convolution kernel, and Kl represents the side length of each
convolution kernel.

This paper compares SSM-Net with the FENet and 2C-CNN networks in terms of
parameter quantity, and the specific results are shown in Table 5. Although the training
accuracy of the SSM-Net network is slightly lower than that of FENet, the training time of
SSM-Net can be neglected in practical applications, and it is significantly better than FENet
in terms of training samples and computational complexity. Compared to the 2C-CNN
model, when the prediction accuracy of the SSM-Net and 2C-CNN networks is similar,
SSM-Net is superior to 2C-CNN in other aspects.
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Table 5. Parameter complexity analysis.

Model Parameters Prediction Accuracy

SSM-Net 6.233 × 106 0.938
FENet 1.246 × 1010 0.9672

2C-CNN 8.203 × 109 0.9297
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The time complexity of the convolutional neural network determines the training/
prediction time of the model. If the complexity is too high, it will lead to a large amount of
time spent on model training and prediction, making it unable to quickly verify ideas and
improve the model, and also unable to achieve fast prediction (affecting real-time airborne
radar target detection). For a CNN, its time complexity calculation formula is

O

(
D

∑
l=1

M2
l × K2

l × Cl−1 × Cl

)
(28)

In the SSM-Net model of this paper, the training process of the FENet model takes a
long time, but the training of the FENet model is completed offline. The online operation
only involves the training of the twin network part, and the required training dataset
is very small, thus greatly reducing the online computation. The system used in this
experiment is the Alibaba Cloud system, with 4 cores and 1 G memory. The simulation
system uses MATLAB, and the network training uses the PyCharm 2018 software with
Python 3.7 as the programming language. As shown in Table 6, the online time required by
the SSM-Net proposed in this paper is three orders of magnitude lower than that of FENet
and 2C-CNN, which is consistent with the parameter complexity analysis. Although the
offline time required by SSM-Net is longer, this does not affect the prediction speed of the
radar detection system. To some extent, SSM-Net overcomes the problem of the difficulty
in applying convolutional neural networks to practical radar detection systems.

Table 6. Time complexity analysis.

Method Offline Time (s) Online Time (s)

SSM-Net 5342 2.5
FENet 0 5240

2C-CNN 0 4143

6. Conclusions

The method proposed in this paper utilizes extended pre-training samples to com-
plete the primary training of the network in an offline state, significantly reducing the
time consumed for online training. Additionally, by introducing an attention mechanism
into the model, the network’s ability to correctly identify targets from clutter under low
signal-to-noise ratio conditions is enhanced, improving recognition accuracy. Furthermore,
considering the deviation between simulated training samples and actual samples, the
network model undergoes secondary correction using collected real-time data on the basis
of a transfer network, which further enhances the network’s adaptability in real-world
environments. In terms of detection performance, the proposed method maintains 90%
target prediction accuracy even when the signal-to-noise ratio is below −5 dB; this is an im-
provement on typical distributed detection methods (STAP+CFAR). When compared to the
MB-FSNet network, the proposed method shows a performance improvement of 5% to 15%
across different data types. Additionally, while there is a 3% decrease in accuracy compared
to FENet, the accuracy still reaches 93%. At the same time, the computational complexity
decreases by nearly a thousand times, making it promising for real-time detection on-board.

Nevertheless, this approach also has certain limitations, such as the need for prior
knowledge about the radar platform and system parameters during the pre-training process
of the SSM-Net model. This implies that different training sets and networks may be
necessary for varying flight parameters. To tackle this challenge, we plan to explore the use
of adversarial generation networks to automatically produce a large volume of training
data. Additionally, considering various types of electromagnetic interference during the
pre-training process is another key direction of our future research.
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