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Abstract

In the field of electronic support and radar warning, it is necessary to effectively detect and
recognize the modulation types of non-cooperative radar signals, especially for radars with
Low Probability of Intercept (LPI) waveforms. Multiple intelligent detection and recogni-
tion algorithms based on the Transformer architecture have been proposed, achieving good
performance even under low signal-to-noise ratio (SNR). However, Transformer-based
radar intelligent detection and recognition algorithms have a huge number of parameters
coupled with complex structures, which will result in significant power consumption and
computational latency when deployed on general computing platforms. To address the
above issues, this paper proposes a lightweight design for Transformer-based radar signal
intelligent detection and recognition networks. A Lightweight Joint Detection and Modula-
tion Recognition Networks (JDMR-LNet) is designed. To enhance the feature extraction
ability of lightweight networks, this paper designed a hybrid model distillation method.
The experimental results demonstrate that, compared with the directly trained JDMR-LNet,
the accuracy of automatic modulation type recognition of the JDMR-LNet after distillation
is increased by 2.37% at −12 dB, and the signal detection is increased by 2.07% at −10 dB.
The number of parameters of the JDMR-LNet has also decreased significantly. Compared
with the original model, the JDMR-LNet is compressed by 11.18 times. Furthermore, this
paper completed FPGA deployment of the JDMR-LNet model, with simulation verifying
its functional correctness.

Keywords: signal detection; automatic modulation recognition; lightweight model;
knowledge distillation; low probability of intercept

1. Introduction
Electronic support is a part of electronic warfare, referring to a series of actions involv-

ing the search, interception, identification, and localization of electromagnetic radiation
sources [1]. One of the representative issues in electronic support is the signal detection
(SD) and automatic modulation recognition (AMR) of Low Probability of Intercept (LPI)
radar signals [2], which have characteristics such as low peak power, large time-bandwidth
product, frequency agility, and compound modulations [3]. Signal detection in radar refers
to the task of processing the received radar echo signal to assess the presence of radar
pulses [4]. Automatic modulation recognition involves analyzing and processing signals to
identify the modulation scheme used and classify them. In radar systems, signal detection
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is crucial as it directly impacts the performance and accuracy of the radar system and
automatic modulation recognition also directly affects the correctness of the output results
of the radar system [5]. Traditional detection and recognition methods generally exhibit
higher identification accuracy when the signal-to-noise ratio (SNR) is above 0 dB, but with
a sharp decrease in accuracy as the SNR decreases, indicating poor robustness.

In recent years, with the development of deep learning, SD and AMR methods based
on deep learning have attracted wide attention due to their efficient learning ability and
better detection performance [6–8]. More and more researchers are applying them to radar
signal detection and automatic modulation recognition.

Most of the existing deep learning-based signal detection and automatic modulation
classification consider signal detection and automatic modulation classification as two cas-
caded tasks: First, a pulse is detected in the SD task, and then the pulse is sent to the AMR
task for processing [9]. However, since the energy of the signal is distributed in both the
time-frequency domain and the energy distribution patterns are modulation-specific, ap-
plying this modulation-type information to the SD task can yield better results and simplify
the traditional processing chain. To this end, Joint Detection and Modulation Recognition
Networks (JDMR-Net) is a multi-task learning framework based on Transformer, that
efficiently performs radar signal detection and automatic modulation classification tasks
simultaneously [10].

However, deep neural networks have a huge number of parameters, making it diffi-
cult to deploy them on embedded devices with strict limitations on memory, computing
resources, and power consumption [11,12]. Therefore, one of the current research focuses is
how to design lightweight networks with simpler structures and fewer parameters [13].
Model compression methods for deep neural networks include pruning, low-rank decom-
position, compact network design, quantization, and knowledge distillation. Parameter
pruning-based methods exploit the redundancy inherent in model parameters, aiming to
reduce the total number of model parameters by eliminating redundant and non-critical
components [14]. Low-rank decomposition utilizes tensor decomposition of matrices to
compress the information of deep neural network weight parameters [15]. Compact net-
work design reduces the parameter space by designing special network structures, thereby
saving storage and computational resources [16,17]. The method based on quantization rep-
resents the floating-point weights or activation output values in the network with low-bit
fixed-point numbers to reduce the storage space occupied by the network [18].

Knowledge distillation trains a more compact neural network to reproduce the in-
ference effects of a larger model [19,20]. This method involves constructing a lightweight
model (commonly referred to as the student model), which is trained using supervisory
signals from a larger, higher-performance model (referred to as the teacher model). In
this training process, such supervisory signals are incorporated into the loss function to
enhance the performance of the lightweight model [21]. The supervisory signals generated
by the teacher model are defined as “knowledge” in this context, while the process by
which the student model acquires such knowledge—transmitted via the teacher’s super-
visory signals—is referred to as “distillation”. Knowledge distillation was first proposed
by Hinton in 2015 and applied to classification tasks [22]. Subsequently, Romero et al.
introduced FitNets [23], which extended output layer distillation to feature distillation. In
2017, intermediate layer attention distillation (AT) was proposed [24], which is no longer
limited to the representation of a specific node in the network. Feature translation and
distillation were achieved through the addition of modules in 2018 with the introduction of
FT. Following this, more research on the relationships between features emerged, such as
RKD [25] and IRG [26]; ReviewKD proposed by Chen P et al., improves the effectiveness of
knowledge distillation by leveraging the multi-layer features of the teacher model to guide
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the single-layer feature learning of the student model [27]. TinyMIM designs a distillation
scheme for Transformer models, utilizing the relationships between the Q, K, and V ma-
trices of corresponding layers in the teacher and student models for distillation [28]. For
distillation of heterogeneous models, Hao Z et al. introduced a branching structure in the
intermediate layers of the student model, which projects the intermediate layer features
into the logits space and trains the branch using the logits output from the teacher [29].

Each of these compression and acceleration methods can achieve good results when
used individually, but they also have their own limitations. To meet the requirements for
model lightweighting in the radar field and edge deployment, this study integrates multiple
distillation methods, applies them to the radar field, and distills the lightweight network
to enhance its edge deployment performance. Therefore, this paper selects the JDMR-Net
as an example and designs a lightweight network. By analyzing the functions of various
network structures in JDMR-Net, corresponding lightweight designs and pruning are
applied to simplify the network structure and reduce the number of parameters, resulting
in a lightweight model called JDMR-LNet, which is used as the student model in model
distillation. Subsequently, network branch structures are designed to extract regional
information of pulse signals in the input sequence for feature distillation. Relationship
distillation is then employed to enhance the feature extraction capability of the student
model’s attention layers due to the insufficient feature extraction caused by the fewer
attention layers in the student model [30]. Finally, a hybrid distillation approach combining
relationship distillation and feature distillation is proposed, along with the total distillation
loss expression.

The main contributions of the text can be summarized as follows:
(1) Taking JDMR-Net as an example, a lightweight structure is designed for the

Transform-based network to obtain JDMR-LNet.
(2) After the lightweight model design, we employed knowledge distillation to en-

hance the performance of JDMR-LNet, ensuring it maintains excellent detection and recog-
nition capabilities under a compression ratio of 11.18.

(3) A branch structure has been designed for feature distillation, which can extract
the location information of pulse signals. Through feature distillation, the signal detection
probability of the student model can be improved at various SNRs.

(4) By combining feature distillation with relation distillation, not only is the signal
detection probability of the student model significantly improved, but also the accuracy of
automatic modulation recognition is enhanced.

(5) The conversion of the JDMR-LNet for deployment on the FPGA platform has been
completed, and corresponding simulation tests have been conducted.

2. Problem Formulation
To perform the SD task and AMR tasks, this paper formulates the radar signal detection

and modulation recognition as a multi-task learning (MTL) problem. Subsequently, the
formulation of the knowledge distillation is introduced.

2.1. Multi-Task Learning

Given m learning tasks {T}m
i=1, where all or a subset of the tasks are related, MTL

is a paradigm in which these m tasks are jointly learned via a unified network, enabling
knowledge from one task to benefit others [31,32]. In this paper, we adopt a scheme that
shares hidden layers across all tasks while maintaining multiple task-specific output layers.

The joint SD and AMR tasks formulated as an MTL problem can be denoted as
T = {TSD, TAMR}, where TSD and TAMR represent the SD and AMR tasks, respectively.
Let X = {xi|1 ≤ i ≤ N} denote the training data, and the corresponding training targets
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are given by Y = {(ySD
i , yAMR

i )|1 ≤ i ≤ N}, where N is the number of samples. These
two tasks share the same training data, while their corresponding Y varies across tasks.
For the i-th signal sample containing M pulses, the SD task provides the starting position
bs

j and ending position be
j of the j-th pulse, denoted as yD

i = {(bs
j , be

j )|1 ≤ j ≤ M}. The
corresponding modulation types of the detected pulses are obtained through the AMR task,
denoted as yR

i = {cj|1 ≤ j ≤ M}. Therefore, the function FMTL : X → Y is constructed
using the training dataset, mapping the data space X to the corresponding target space Y.
For a test signal sample, the learned function FMTL concurrently solves the SD and AMR
tasks to generate outputs for each task.

2.2. Model Lightweight

In model lightweight, the problem function aims to train a lightweight student model
fs to mimic the knowledge of a pre-trained large teacher model ft, such that fs achieves
comparable performance to ft with lower computational cost. Formally, given a dataset
D = {(xi, yi)}N

i=1 where xi is the input sample and yi ∈ {1, 2, . . . , C} is the true label (with
C being the number of classes), the student model is optimized by minimizing a weighted
combination of two loss terms: Hard loss measures the discrepancy between the student’s
predictions and the true labels. Soft loss captures the “dark knowledge” from the teacher’s
softened predictions. The student model is trained by minimizing the joint loss function to
leverage both the true labels and the teacher’s implicit knowledge.

3. Method
In this section, an overall procedure of the method is first provided, followed by

a detailed account of the teacher model, the student model, and the design of the two
distillation methods, and finally, the overall loss function is presented.

3.1. Overall Procedure

Based on the referenced original network model, we first designed a teacher model
with a structure more suitable for the knowledge distillation process. Then, a lightweight
student model (JDMR-LNet) was designed based on the teacher model. For the dual tasks,
two distillation methods—feature distillation and attention distillation—were designed,
and they were combined to enhance the performance of the student model.

3.2. Teacher Model

In JDMR-Net, a cross-attention mechanism is employed to process the information
preprocessed by previous stages. Although the cross-attention mechanism excels in fea-
ture extraction, its intricate structure introduces model heterogeneity when used as the
architecture for the subsequent teacher model. This heterogeneity makes it challenging
for the student model to effectively acquire knowledge via distillation. Therefore, we first
designed a simplified teacher model. Compared to the original JDMR-Net, this simplified
version replaces the cross-attention layer with a self-attention layer while keeping all other
components unchanged. The resultant simplified JDMR-Net serves as the teacher model
for subsequent distillation operations. The structure of the teacher model is illustrated in
Figure 1.
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Figure 1. The above figure shows the structures of the teacher model and student model, as well as
the distillation design. In the figure, PE is the abbreviation of the Position Encoding module, MLP is
the abbreviation of the Multilayer Perceptron module, and the nl-concate module concatenates every
nl adjacent feature vector from the single-scale LSTM output into a new patch.

3.3. Student Model (JDMR-LNet)

This section first analyzes the functions of key network structures within the teacher
model, laying a foundation for subsequent lightweight optimization. On this basis,
structure-specific lightweight design and parameter pruning are carried out for each key
structure, with the core goal of reducing model redundancy while preserving the network’s
core detection and recognition performance. Through this series of targeted optimization
processes, a lightweight intelligent detection and recognition network for radar signals is
developed, which is formally designated as JDMR-LNet. As the direct product of functional
analysis and structural optimization based on the teacher model, this JDMR-LNet will
serve as the student model in the subsequent model distillation process to further enhance
its comprehensive performance.

Data Preprocessing: The first step for the teacher model is data preprocessing. In
order to effectively extract features from the input sequence, enhance the parallel processing
capability of subsequent processing steps, and address the potential vanishing gradient
problem during the model training of LSTM with long input sequences, the input signal is
divided into multiple smaller patches.

Let the radar signal sampling sequence to be processed be denoted as X ∈ RT×2,
which is a matrix of size T, where T is the length of the sequence to be processed, and each
data point in the sequence contains two values: the real part and the imaginary part. In
the preprocessing step, the signal is divided into n patches, each of length w, denoted as
Xi(1 ≤ i ≤ n). Therefore, the entire sequence to be processed can be represented as shown
in Equation (1):

X =
[
X1, X2, . . . , Xn

]
, Xi ∈ Rw×2 (1)
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The relationship between the sequence length T, the number of patches n, the patch
length w, and the sliding step p is

T = (n − 1)× p + w (2)

From the ablation experiments, it is evident that data preprocessing has a crucial
impact on the final results; therefore, JDMR-LNet still employs this preprocessing as its
first component.

Local Feature Extraction: In the teacher model, after preprocessing, the sequence to
be processed is divided into n patches of length w: Xi(1 ≤ i ≤ n). These patches will be
used to extract features at different time scales through a dual-scale LSTM. The “1-patch
scale LSTM” is used to learn the time-series relationships within the sequence patches, and
its output consists of n feature vectors with a dimension of u1, denoted as Xi

L1(1 ≤ i ≤ n).
Next, concatenate every nl adjacent feature vectors in XL1 to form n/nl matrices, denoted
as Xi

C(1 ≤ i ≤ n/nl). Then, XC is used as input data for the “nl-patch scale” LSTM, which
extracts temporal features at the scale of nl patches. The output of the “nl-patch scale”
LSTM is denoted as Xi

L2(1 ≤ i ≤ n/nl).
Corresponding to the local feature extraction part of the teacher model, JDMR-LNet is

a single-layer LSTM. Unlike the dual-scale LSTM, in JDMR-LNet a single-layer LSTM is
used to extract signal features within the patch, while the extraction of features between
patches is handled by subsequent network layers.

Global Similarity Mining: After local feature extraction, we obtain XC and XL2, which
contain hierarchical features from a single patch and adjacent n1 patches, respectively. In
the global feature extraction part, the teacher model extracts the global similarity of feature
vectors XC and XL2 through a two-layer cross-attention structure. Before inputting XC and
XL2 into the Cross Attention layer, the teacher model adds positional encoding to retain the
relative positional information of the sequence. Encoder 1 selects XC as the input for the
query and XL2 as the input for the key and value. Encoder 2 selects XL2 as the input for the
query and XC as the input for the key and value. Here, the encoder is exactly the same as
the encoder in the Transformer, which includes sub-layers such as multi-head attention,
feed-forward neural networks, residual connections, and layer normalization. The output
of the first layer of self-attention serves as the input for the second layer of self-attention.

Therefore, the third part of JDMR-LNet is a single-layer encoder, which corresponds
to the self-attention layer in the teacher model. In the teacher model, the two output
results from the dual-scale LSTM are used as part of the input for the two encoders in
the self-attention layer, allowing the self-attention layer to learn the features between
patches. The attention mechanism in Transformers has a high computational complexity,
and the cross-attention mechanism in JDMR-Net further increases the model’s complexity.
To simplify the computation, JDMR-LNet employs only a single-layer encoder to extract
features between patches through self-attention.

Task Head: The fourth part of JDMR-LNet is the task head output layer, which
corresponds to the task head in the teacher model, responsible for completing the tasks of
signal detection and modulation type recognition. The task head in JDMR-LNet consists of
tensor transformations and fully connected layers, which map the results of global feature
extraction into the output format required for signal detection and automatic modulation
type recognition. Since the output of SD indicates the start and end positions of pulses,
while the output of AMR indicates the modulation type of the signal, the task heads
serve to map the input feature ZS into the output formats required for SD and AMR. The
computational expression for the task head can be represented by the following equation:
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YSD = Sigmoid(Trans(ZS)WD + bD)

YAMR = Softmax(Trans(ZS)WR + bR)
(3)

where WD, WR, bD, and bR represent the weights and biases of the fully connected layers
in the signal detection task and automatic modulation recognition task, respectively, while
Trans(∗) denotes the shape transformation applied to the input tensor.

The LSTM layer between the encoder and the fully connected layer is also retained.
The LSTM in the signal detection task head is used to summarize the features related to
the signal detection task from the input, while the LSTM in the automatic modulation
recognition task head is used to summarize the features related to the automatic modulation
recognition task from the input.

The final structure of the network is shown in Figure 1. The lightweight network
JDMR-LNet significantly simplifies the computational structure and reduces the number of
layers in the teacher model, making it more suitable for deployment on embedded devices.

3.4. Feature Distillation

The feature map-based distillation method involves mapping the output feature maps
of the target layers of the teacher model and the student model into matrices of the same
size. The similarity between these two matrices is used as the distillation loss to perform
distillation on the model. From Equation (2), it can be seen that when the patch size is
equal to w and the sliding step p is also equal to w, the data preprocessing divides the input
sequence into n patches of size w.

In the signal detection task, the start and end positions of the pulse signal must be
located in one of the n regions. Therefore, a network branch composed of fully connected
layers can be added to the task heads of both the teacher model and the student model.

The branch consists of a start branch and an end branch, which are used to predict the
regions of the starting and ending positions of the signal, respectively. The branch structure
essentially performs a multi-class classification task, and its computational expression is as
follows:

S = Softmax(XWstart + bstart)

E = Softmax(XWend + bend)
(4)

In this context, X is the input to the branching structure; Wstart and bstart are the
weights and biases of the fully connected layer for the start branch; Wend and bend are
the weights and biases of the fully connected layer for the end branch. S ∈ RM×n and
E ∈ RM×n are matrices of size (M, n), where M is the maximum number of pulses in a
single signal sequence, and n is the number of patches into which the input signal sequence
is divided. The meaning of the element at position [i, j] in matrix S is the probability that
the starting position of the i-th pulse in the input sequence falls within the j-th patch;
the meaning of the element at position [i, j] in matrix E is the probability that the ending
position of the i-th pulse in the input sequence falls within the j-th patch.

Before training the teacher model, a branch structure is added. After the training is
completed, this branch structure can accurately predict the regions where the pulse starting
and ending positions are located. During the distillation process, the student model learns
the knowledge of the pulse regions through the branch structure, thereby enhancing its
signal detection performance. The feature distillation structure is shown in Figure 2
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Figure 2. Feature distillation structure. By incorporating branch structures to convey the signal
location information of the teacher model to JDMR-LNet.

The soft label loss between the teacher branch structure and the student branch
structure logits in this paper is defined as the feature distillation loss, with the calculation
formula given in Equation (5).

LF = Lsoft(P
start
t , Pstart

s ) + Lsoft(P
end
t , Pend

s ) (5)

where LF represents the feature distillation loss. Pstart
t and Pstart

s are the probability distri-
butions belonging to various regions output by the start branch structures of the teacher
model and the student model, respectively, when the temperature coefficient is T. Pend

t and
Pend

s are the probability distributions belonging to various regions output by the end branch
structures of the teacher model and the student model, respectively, when the temperature
coefficient is T. The expressions for the probability distributions and the soft label loss Lsoft

are shown below.
P(zj, T) = Sotfmax(zj/T)

Lsoft(Pt, Ps) = DKL(Pt||Ps)

=
N
∑

j=1
Pt(zt,j, T) log(

Pt(zt,j ,T)
Ps(zs,j ,T)

)

(6)

3.5. Attention Distillation

Relational distillation transforms the outputs of specific layers of the teacher model and
the student model into relational matrices, using the similarity of the relational matrices
from both models as the distillation loss. Multiple studies have shown that relational
distillation is more effective for distilling the attention components. Therefore, in this paper,
we design a distillation structure for the attention layer based on the relational distillation
method as shown in Figure 3.
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Figure 3. Attention distillation structure. Distillation is performed using the relationship between
the QKV matrices output by the attention modules of the teacher and student models, with their KL
divergence serving as the distillation loss.

Calculate the relationship matrix of the attention layer outputs V-V and Q-K as shown
below.

RQK
s→h = Softmax

(
Qh

s Kh⊤
s√

D/H

)
RVV

s→h = Softmax
(

Vh
s Vh⊤

s√
D/H

) (7)

RQK
t→h = Softmax

(
Qh

t,2Kh⊤
t,2√

D/H

)
RVV

t→h = Softmax
(

Vh
t,2Vh⊤

t,2√
D/H

) (8)

where RQK
s→h represents the Q − K relationship matrix predicted by the student model,

while RQK
t→h is the target Q − K relationship matrix output by the teacher model. Similarly,

RVV
s→h and RVV

t→h are the V − V predicted the relationship matrix of the student model and
the V − V target relationship matrix of the teacher model, respectively. D is the dimension
of the input vector, H represents the total number of attention heads, and Qh

s , Kh
s , and Vh

s
are the outputs of Q, K, and V from the h-th attention head in the encoder of the student
model; Qh

t,2, Kh
t,2, and Vh

t,2 are the outputs of Q, K, and V from the h-th attention head in
the second layer encoder of the teacher model, respectively. (∗)⊤ denotes the transpose of
the matrix.

Finally, the KL divergence between the relationship matrices is used as the distillation
loss, and the expression for the calculation is as follows:

LR = 1
H

H
∑

h=1
DKL

(
RQK

t→h||R
QK
s→h

)
+ 1

H

H
∑

h=1
DKL

(
RVV

t→h||R
VV
s→h

)
(9)
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3.6. Loss Function

The calculation of the AMR loss LC is shown in Equation (10):

LC(c, ĉ) =
1
M

M

∑
j=1

[
−cj log p̂

(
cj
)]

(10)

where LC represents the cross-entropy loss between the predicted values ĉ and the true
values c, p̂

(
cj
)

denotes the probability of being predicted as class cj, and M is the maximum
number of pulses in the signal sequence.

The loss function for SD LD is shown as follows:

LD(b, b̂) =
1
M

M

∑
j=1

[((bstart
j − b̂start

j )
2
+ (bend

j − b̂end
j )

2
)/2] (11)

In this context, LD represents the mean of the mean squared error between the pre-
dicted value b̂ and the corresponding label b. b̂start

j and b̂end
j are the starting and ending

positions of the predicted pulse in the time domain, while bstart
j and bend

j are the actual
starting and ending positions of the pulse in the time domain.

In the distillation experiment, the teacher model is first trained. During the training of
the teacher model, a branching structure needs to be incorporated. Therefore, the training
loss of the teacher model is shown in Equation (12).

Lt = LC + LD + Lhard(ystart
true , Pstart

t ) + Lhard(yend
true, Pend

t ) (12)

The total loss of the teacher model is denoted as Lt, where LC and LD represent the
AMR loss and the SD loss, respectively, as expressed in Equations (10) and (11). ystart

true and
yend

true are the labels of the true regions where the starting and ending positions of the pulse
signal are located, while Pstart

t and Pend
t are the probability distributions predicted by the

teacher model’s branch structure for the starting and ending positions of the pulse signal.
The calculation expression for Lhard is given in Equation (13).

Lhard = −
N

∑
j=1

yj log P(zj, 1) (13)

After the teacher model training is completed, it can obtain the weight parameters
and the weight parameters in its branch structure, and finally distill the JDMR-LNet from a
zero initial state. The overall loss function includes the distillation loss and the label-based
loss. The label-based loss function consists of two parts: the SD loss LD and the AMR loss
LC. The total loss calculation formula is as follows:

Ldistill(y, ŷ) = γ(LC + LD) + ρ(LF + LR) (14)

The total distillation loss, denoted as Ldistill, consists of four components: the first
component LC is the modulation type recognition loss; the second component LD is the
signal detection loss; the third component LF is the feature distillation loss; and the fourth
component LR is the attention distillation loss. The coefficients γ and ρ are used to balance
the label-based loss and the distillation loss.
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4. Experiments and Analysis
4.1. Experiment Design

(1) Dataset: The dataset used for model training in this paper is generated through
simulation. Below is an introduction to this dataset. The mathematical expression of the
pulse signal can be written as follows:

s[k] = x[k] + n[k], 0 ≤ k ≤ K (15)

where n[k] is Gaussian white noise, k is the sequence index, K is the number of sampling
points, and x[k] is the radar signal under noise-free conditions, expressed as follows:

x[k] = a[k]ejθ[k] (16)

where the variable a[k] represents the envelope of the pulse signal. When 0 ≤ kTs ≤ τpw,
a[k] = A. Ts is the sampling frequency, fs is the corresponding time interval, and τpw is the
pulse width. The instantaneous phase θ[k] is defined by the instantaneous frequency f [k]
and the phase offset ϕ[k],

θ[k] = 2π f [k](kTs) + ϕ[k] (17)

There are a total of 11 types of pulse modulation in the training set, which are linear
frequency-modulated pulse (LFM), fixed frequency pulse, frank encoding pulse, 4 types of
polyphase encoding pulses (P1 P4), and 4 types of multi-time encoding pulses (T1 T4) .
The instantaneous frequency and phase shift in these 11 pulse modulation types are shown
in Table 1.

Table 1. Eleven pulse modulation types.

NO. Modulation Type Frequency Phase

1 LFM f0 + B/τpw(kTs) ϕ0

2 Costas f0 ϕ0

3 Frank f0
2π
Nm

(i − 1)(j − 1)

4 P1 f0 − π
Nm

(Nm − (2j − 1))((j − 1)Nm + (i − 1))

5 P2 f0
2π
Nm

(2i − 1 − Nm)(2j − 1 − Nm)

6 P3 f0
π
Ns
(i − 1)2

7 P4 f0
π
Ns
(i − 1)2 − π(i − 1)

8 T1 f0 mod 2π
Np

⌊
(Ng(kTs)− jτpw)

jNp
τpw

⌋
, 2π

9 T2 f0 mod 2π
Np

⌊
(Ng(kTs)− jτpw)(

2j−Ng+1
τpw

)
Np
2

⌋
, 2π

10 T3 f0 mod 2π
Np

⌊
NpB(kTs)2

2τpw
, 2π

⌋
11 T4 f0 mod 2π

Np

⌊
NpB(kTs)2

2τpw
− NpB(kTs)

2

⌋
, 2π

The training and testing data of the model consist of in-phase/quadrature signal
sequences, where the signal amplitudes are normalized after intermediate frequency sam-
pling. Each individual data sample contains 3000 samples, with no more than 10 pulses per
sample, and all pulses within a single sample have the same modulation type. The signals
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generated in the simulation are intermediate frequency signals with added Gaussian white
noise, with the SNR starting from −14 dB and stepping up to 10 dB in 2 dB intervals, with
corresponding datasets for each SNR. One dataset only contains signals with Gaussian
noise, while the other dataset further incorporates spurious pulses and missing pulses. In
the training set, there are 11,000 training samples for each SNR; in the validation set, there
are 550 test samples for each SNR.

(2) Evaluation Criteria: In this article, a data sample contains only one type of pulse
modulation and at most M pulses. Therefore, after the input sample data undergoes
inference calculations through the network, it will consistently output M detection results
and one modulation type recognition result. The predicted output generated from a single
sample input is a set of M predicted values, denoted as ŷ =

{(
ŷD

j , ŷR
)
| 1 ≤ j ≤ M

}
,

where ŷD
j = b̂j =

(
b̂start

j , b̂end
j

)
is the predicted output for the SD task, and b̂start

j and b̂end
j

are the predicted starting and ending positions of the pulses in the sequence, respectively.
ŷR = ĉ is the predicted output for the AMR task, indicating the modulation type of the
sample. y =

{(
yD

j , yR
)
| 1 ≤ j ≤ M

}
is the set of true results for the signal detection task

and the automatic modulation recognition task, where yD
j = bj =

(
bstart

j , bend
j

)
is the label

for the SD task, and bstart
j and bend

j are the true starting and ending positions of the pulses

in the sequence, respectively; yR = c is the label for the AMR task, representing the true
modulation type of the sample.

In the SD task, the predicted pulses are matched with the labels using Intersection-
over-Union (IoU). The IoU metric is used to measure the overlap between the predicted
area and the actual area, which is the ratio of the length of the intersection to the length of
the union. The calculation formula for IoU for a single predicted value

(
b̂start

j , b̂end
j

)
and a

label value
(

bstart
j , bend

j

)
is shown in Equation (18).

IoU(bj, b̂j) =
min(b̂end

j , bend
j )− max(b̂start

j , bstart
j )

max(b̂end
j , bend

j )− min(b̂start
j , bstart

j )
(18)

For each group of predicted values (b̂j, 1 ≤ j ≤ M) and labels (bj, 1 ≤ j ≤ M),
calculate the IoU value b̂j between a single predicted value and all labels bj. Take the label
bm(1 ≤ m ≤ M) corresponding to the maximum value from the M IoU values. If this
maximum IoU value is greater than the threshold Ths, the j-th predicted value b̂j of the
signal detection task is considered matched with the label bm. After completing the IoU
matching, the network’s predicted output set ŷ =

{(
ŷD

j , ŷR
j

)
| 1 ≤ j ≤ Ĵ

}
can be obtained,

and Ĵ is the number of matched pulses.
Therefore, the evaluation criterion for the signal detection task is the Probability of

Detection (Pd), which is the ratio of the number of correctly matched pulses to the actual
number of pulses, and can be expressed by Equation (19),

Pd =
1
N

N

∑
i=1

Ĵi
Mi

(19)

where N is the total number of test samples, Mi(1 ≤ i ≤ N) is the number of true pulses in
the i-th sample, and Ĵi(1 ≤ i ≤ N) is the number of matched pulses in the i-th sample.

The output of the AMR task is a vector v̂, where v̂c(1 ≤ c ≤ C) represents the value
of the c-th element in vector v̂, indicating the probability that the sample signal belongs
to the k-th modulation type. The index corresponding to the maximum probability value
is the predicted pulse modulation type ĉ, and C is the number of modulation types in the
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dataset. The evaluation criterion for AMR is the classification Accuracy ( Acc ), which is
the proportion of correctly classified pulses. The definition of Acc is

Acc = 1
N

N
∑

i=1
ni

ni =

{
1, ifĉi = ci

0, otherwise

(20)

where N is the total number of test samples, ĉi represents the modulation type of the
predicted i-th sample, while ci is the label of the actual modulation type.

In addition, we also introduce a joint evaluation criterion that combines the SD and
AMR tasks as the final result evaluation, and its formula is as follows:

JE = (w1Pd + w2 Acc)/(w1 + w2) (21)

where JE is the joint evaluation criterion, w1 and w2 are the weights for evaluating the two
tasks.

(3) Experiment Setting: Table 2 shows the parameter configurations for the teacher
model and JDMR-LNet, as well as the training settings. L1 is the number of LSTM layers
in the first layer of the dual-scale LSTM; L2 is the number of LSTM layers in the second
layer of the dual-scale LSTM; LE is the number of encoders in the teacher model; while u1

and u2 represent the number of hidden units in the dual-scale LSTM layers, respectively;
dv is the dimension of the value vector v in the value matrix V, and the vector dimensions
of the query vector q and the key vector k are the same as that of the value vector v. d f f

denotes the number of hidden units in the feed-forward layer of the encoder; H denotes
the number of multi-head attention heads. hL is the dimension of the hidden layer in a
single-layer LSTM of the student model; hSD is the dimension of the hidden layer in the
LSTM for the SD task; hAMR is the dimension of the hidden layer in the LSTM for the AMR
task; dEncoder is the dimension of q, k, and v in a single-layer encoder of the student model;
and head is the number of attention heads in the encoder of the student model. w is the size
of the patch in data preprocessing. Since the dataset in this paper is the same as JDMR-Net,
to ensure network performance, w is set to 50. p is the stride in data preprocessing, and
in this paper, its value is set equal to w. This paper uses the Adam [33] optimizer with
momentum parameters β1 = 0.9, β2 = 0.98, ε = 10−9; the learning rate is set to 0.0001;
the distillation temperature T is 5; and the hyperparameter γ = 1, ρ = 0.8. The overall
experimental procedure can be found in Algorithm 1.

Table 2. Model configurations and training settings.

Teacher Model Configurations JDMR-LNet Configurations Training Setting

NO. Parameter Name Value Parameter Name Value Parameter Name Value
1 L1 1 hL 128 Epoch 70
2 L2 1 hSD 64 Batch size 50
3 LE 2 hAMR 64 optimizer Adam
4 u1 256 head 4 Learn rate 0.0001
5 u2 256 n1 1 γ 1
6 n1 1 dEncoder 64 ρ 0.8
7 dv 128 w 50 T 5
8 dff 256 p 50 Ths 0.5
9 H 4
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Algorithm 1 Framework of JDMR-LNet

Require: Train datasets DTr = {xTr
i , yTr

i }NTr

i=1 Testing datasets DTe = {xTe
i , yTe

i }NTe

i=1 , epoch
number E, batch size Nb, Maximum number of pulses M, threshold value ths.

Ensure: Matched targets {ŷi}NTe

i=1
#Training Teacher Model Procedure

1: Initialize the parameters θt of the Teacher Model FT
2: for e = 1 → E do
3: Sample {xTr

i , yTr
i }Nb

i=1 from DTr;
4: Obtain the predicted targets {ŷi}Nb

i=1 using FT(x; θt; M);
5: Updata θt by descending gradients of losses Lt in Equation (12)
6: end for

#Distilling Procedure
7: Initialize the parameters θs of the JDMR-LNet FS
8: for e = 1 → E do
9: Sample {xTr

i , yTr
i }Nb

i=1 from DTr;
10: Obtain the predicted targets {ŷi}Nb

i=1 using FS(x; θs; M);
11: Updata θs by descending gradients of losses Ldistill in Equation (14)
12: end for

#Testing Procedure
13: for i = 1 → NTe do
14: Sample ŷi from DTe;
15: Using FS(xi; θs; M) to predict the targets;
16: for j = 1 → M do
17: Calculate IoU and chose the Max as IoUj
18: if IoUj ≥ ths then
19: Add ŷi into the set of matched pulses;
20: end if
21: Record the number of matched pulses Ĵi;
22: end for
23: Obtain the predicted targets of the ith sample after matching
24: end for

4.2. Overall Results

Using the teacher model, JDMR-LNet was directly trained, and the JDMR-LNet after
distillation was used to predict data under different SNR (ranging from −14 dB to 10 dB);
the prediction results are shown in Figure 4 and Table 3.

Table 3. Prediction Results. The signal detection probability and modulation recognition accuracy
of the directly trained teacher model, the directly trained JDMR-LNet, and the after-distillation
JDMR-LNet under 0 to −14 dB.

SNR/dB 0 −2 −4 −6 −8 −10 −12 −14 Average

Teacher Model 99.96% 100% 99.98% 99.95% 99.65% 98.19% 94.26% 85.51% 97.18%

SD
JDMR-LNet 99.94% 99.79% 99.42% 98.49% 97.32% 94.30% 87.96% 81.09% 94.78%

After Distillation 100% 99.91% 99.76% 99.32% 98.50% 96.37% 88.53% 77.17% 94.95%
Performance

Gain +0.06% +0.12% +0.34% +0.83% +1.18% +2.07% +0.57% -3.92% +0.17%

Teacher Model 100% 100% 100% 99.45% 98.91% 96.55% 89.27% 77.09% 95.16%

AMR
JDMR-LNet 100% 100% 100% 99.64% 98.73% 96.55% 87.27% 75.82% 94.86%

After Distillation 100% 100% 100% 99.64% 99.82% 97.27% 89.64% 78.18% 95.57%
Performance

Gain 0% 0% 0% 0% +0.18% +0.72% +2.37% +2.36% +0.71%

AMR
& SD

Performance
Gain +0.02% +0.04% +0.11% +0.28% +0.51% +1.17% +1.77% +0.27% +0.52%
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(a)

(b)

Figure 4. Teacher model, JDMR-LNet directly trained and JDMR-LNet after mixed distillation’s
prediction results under different SNR. Figure (a) shows the results with only Gaussian noise added,
while Figure (b) presents the results trained on the dataset incorporating spurious and missing pulses.

In the SD task, when the SNR is relatively high, the teacher model can effectively
detect the signal, almost achieving a 100% detection rate. When the SNR is greater than
−10 dB, the Pd can be maintained above 0.95. However, for the directly trained JDMR-LNet,
the detection performance is better at higher SNRs, but it significantly deteriorates when
the SNR is below 0 dB. When the SNR is lower than −8 dB, the detection Pd has already
dropped below 0.95. In the AMR task, the teacher model can maintain an accuracy above
0.95 when the SNR is −10 dB or higher, and even at an SNR of −12 dB, it can still achieve
an accuracy of around 0.9. In contrast, the directly trained JDMR-LNet requires an SNR of
at least greater than −10 dB to reach an accuracy of 0.95, and when the SNR is even lower,
the ACC drops sharply, showing a significant gap compared to the teacher model. Clearly,
the feature extraction capability of the student model, which has a simplified structure and
fewer parameters, is weaker than that of the teacher model. This leads to a substantial
decline in the Pd and accuracy compared to the teacher model at lower SNRs, with the
maximum decrease being approximately 6%.

After distilling the JDMR-LNet using the method designed in this paper, the predic-
tions made show a significant improvement compared to direct training. When the SNR is
greater than −10 dB, both the correct probabilities for SD and AMR exceed 0.95, which is
much higher than the accuracy of the JDMR-LNet trained directly, and is very close to the
accuracy of the teacher model’s predictions, with a difference of about 1%. For the SD task,
when the SNR is at 0 to −12 dB, the prediction accuracy of the distilled JDMR-LNet shows
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an average improvement of 0.73% in PD compared to the directly trained JDMR-LNet. In
the AMR task, when the SNR is below −8 dB, the Acc of the distilled JDMR-LNet shows
an average improvement of 0.90% compared to the directly trained JDMR-LNet.

When the SNR is high, input data detection and recognition are relatively easy. Even
the directly trained JDMR-LNet can perform well in SD and AMR, so the improvement
brought by distillation is not obvious. As the SNR gradually decreases, the performance
gap between JDMR-LNet and the teacher model begins to emerge, and the improvement
brought to JDMR-LNet by distillation also gradually increases. In the SD task, the maxi-
mum improvement is 2.07% at −10 dB, and in the AMR task, the maximum improvement
is 2.37% at −12 dB. As the SNR continues to decrease, the difficulty of the SD and AMR
tasks further increases. At this time, even the accuracy of the teacher model significantly
decreases, which relatively narrows the gap between JDMR-LNet and the teacher model.
The effective knowledge that JDMR-LNet can learn from the teacher model through distil-
lation also decreases, and the performance improvement brought by distillation gradually
declines. When the SNR decreases to −14 dB, LPI radar signals are severely submerged
in background noise, which prevents the teacher network from extracting effective pulse
features and yielding accurate SD predictions. The teacher network thus suffers significant
performance degradation, with large prediction deviations and heavy noise contamination
in its outputs. During distillation, the student network inevitably inherits not only valid
knowledge but also the noise and prediction errors from the degraded teacher network.
Under extremely low SNR, the transferred noise becomes dominant, so that the student
network cannot distinguish effective features from interference. This directly lowers the
prediction accuracy of the SD task and leads to negative distillation gain.

From the above results, it can be seen that the effect of distillation is very significant,
which can bring great performance improvement to the lightweight JDMR-LNet model and
significantly enhance its recognition results under low SNR. The impact of different distil-
lation designs on the overall results during distillation will be discussed in the following
sections.

4.3. Compare with SOTA

This section verifies the performance advantages of the proposed JDMR-LNet over
the SOTA methods ETE [34] and RCDN [35] in SD and AMR tasks through quantitative
comparisons. Experiments and comparative analyses were conducted across SNR levels
ranging from 0 dB to −14 dB, as shown in Table 4.

Table 4. Comparison with SOTA Method.

SNR/dB 0 −2 −4 −6 −8 −10 −12 −14

JDMR-LNet 100% 99.91% 99.76% 99.32% 98.50% 96.37% 88.53% 77.17%
SD ETE 91.60% 87.57% 82.72% 79.11% 71.76% 67.63% 59.71% 57.58%

RCDN 96.60% 93.08% 89.76% 85.79% 79.56% 73.91% 69.07% 65.56%

JDMR-LNet 100% 100% 100% 99.64% 99.82% 97.27% 89.64% 78.18%
AMR ETE 100% 100% 100% 99.45% 96.36% 92.36% 85.09% 73.64%

RCDN 100% 100% 100% 99.45% 96.91% 91.82% 87.82% 76.91%

In the SD task, JDMR-LNet demonstrates significant superiority across all SNR inter-
vals: at 0 dB SNR, JDMR-LNet achieves an accuracy of 1.0, compared to 0.9160 for ETE
and 0.9660 for RCDN. As noise interference intensifies (SNR decreases), the performance
gap widens progressively. At the low SNR of −14 dB, JDMR-LNet achieves an accuracy of
0.7717, representing a 19% improvement over ETE (0.5758) and an 11% improvement over
RCDN (0.6556), fully illustrating its robustness in weak signal detection.
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In the AMR task, the performance is comparable between the two methods in the high
SNR range (0 dB to −6 dB, both ≥ 0.9945), but notable divergence emerges when SNR is
below −8 dB. At −10 dB, JDMR-LNet achieves an accuracy of 0.9727, higher than ETE and
RCDN; under extreme noise conditions of −14 dB, JDMR-LNet maintains a recognition
rate of 0.7818, while ETE drops to 0.7364 and RCDN drops to 0.7691. This difference is
attributed to JDMR-LNet’s attention distillation module, which precisely captures temporal
modulation features.

In summary, JDMR-LNet exhibits superior comprehensive performance in complex
noisy environments, particularly its robustness advantage in low SNR scenarios, validating
its practical value in real-world radar signal processing applications.

4.4. Ablation Study

The distillation of JDMR-LNet employs different distillation methods for the task head
and the attention head, combining both as the overall distillation method. To determine the
impact of the feature distillation and attention distillation set in this paper on the overall
distillation process and results, ablation experiments were conducted. The JDMR-LNet was
trained separately using only the feature distillation and attention distillation components,
and the results were compared with those of the mixed distillation. The results are shown
in Figures 5 and 6.

Effect of attention distillation: As shown in Figure 6, attention distillation can enhance
the performance of small models across various SNRs in the AMR task. Specifically,
when the SNR is below −8 dB, attention distillation can provide approximately a 2%
performance improvement in the accuracy of AMR. However, for SD tasks, attention
distillation adversely affects Pd after distillation, and this impact becomes increasingly
pronounced as the SNR decreases.

Analyzing the structure of attention distillation, the reason for the performance en-
hancement is that through attention distillation, the attention layers of the student model
and the teacher model exhibit similar attention mechanisms. This similarity helps to ad-
dress the issue where the student model, due to its simpler structure, struggles to learn
complex features and capture critical attention information. The output of the attention
layer is provided simultaneously for the AMR task, which can improve the accuracy of the
final results of AMR tasks.

Figure 5. Results of using solely feature distillation, solely attention distillation, and mixed distillation
methods. The green color represents the results using mixed distillation, the blue color indicates
the results using attention distillation alone, and the purple color represents the results of feature
distillation.
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Figure 6. The performance improvement of different distillation methods compared to directly
trained JDMR-LNet. In the SD task, attention distillation exerts a certain negative impact on the
results, and this negative impact becomes more pronounced as the SNR decreases. By contrast,
feature distillation can effectively improve the accuracy of the SD task after distillation. In the AMR
task, attention distillation can significantly enhance the accuracy of the student network; however,
since feature distillation is specifically designed for the SD branch, it exerts some negative impacts on
the AMR task. Combining these two distillation methods obtains favorable distillation performance.

Effect of feature distillation: As shown in Figure 6, feature distillation can significantly
improve the accuracy of the SD task, and it reaches the highest at −10 dB. However, for
AMR tasks, feature distillation reduces the accuracy of modulation type recognition, and
its negative impact on AMR tends to increase as the SNR decreases.

The reason feature distillation can enhance the accuracy of signal detection is that the
branching structure can map the area where the signal is located from the input of the
task head. Therefore, the input of the task head contains some prior information about
the area where the signal is located, which can improve detection accuracy. Since the
small model uses the output of the attention layer to perform both SD and AMR tasks
simultaneously, during backpropagation, the feature distillation of the branching structure
causes the attention layer to focus more on the relationships of sequences over a broader
range. In contrast, automatic modulation recognition requires the model to focus on the
relationships of sequences within a narrower range, which leads to a negative impact on
the AMR task.

Mixed distillation: The green curve in Figure 5 represents the results of training
the small model using a combination of comprehensive attention distillation and branch
structure feature distillation. Combined with Figure 6, it can be seen that its performance
improvement of the two tasks is better than using attention distillation or feature distillation
alone. In the SD task, the improvement in Pd achieved by mixed distillation at various
SNRs is lower than that obtained by using attention distillation and feature distillation
alone, with the highest improvement of 2.07% at −10 dB, but in the AMR task, it is much
better than using feature distillation alone. In the AMR task, although mixed distillation
has a slightly lower accuracy than using attention distillation alone, it can well balance the
negative impact of attention distillation in the SD task.

Combining feature distillation and attention distillation allows the student model’s
attention layers to learn the complex features extracted by the teacher model’s attention
layers, while also enabling the student model’s task head to better learn the signal regions
contained in the inputs of the teacher model’s task head. The synergy of these two ap-
proaches can lead to improved performance of the distilled JDMR-LNet model on both SD
and AMR tasks.
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4.5. Hyperparameter Analysis

This section focuses on conducting a systematic analysis of the impact of hyperpa-
rameters (γ and ρ, T) on model performance in the experiment, aiming to determine the
optimal hyperparameter configuration scheme adapted to the SD and AMR tasks in this
study through quantitative experiments.

To maximize the manifestation of the impact of hyperparameter adjustments on model
performance, we selected an SNR of −12 dB as the experimental benchmark. As verified by
our previous experiments, the difference in core performance metrics between the teacher
network and the student network is the most significant under this SNR. Subtle changes in
hyperparameters are more intuitively reflected in performance fluctuations, which avoids
the issues of performance saturation and insignificant hyperparameter influence that occur
under high SNR conditions. The adjustments to hyperparameters are illustrated in the
figure below. We fixed the hyperparameter γ at 1 and adjusted the hyperparameter ρ

to obtain distillation results under different weight proportions. After comprehensive
consideration, we selected γ = 1 and ρ = 0.8 as our final hyperparameters. At present, our
research on hyperparameters is only preliminary, and more experiments can be conducted
for further analysis in the future. The results are shown in Table 5.

Table 5. Experimental results with γ set to 1 and different ρ parameters.

ρ 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

SD 87.04% 87.82% 86.53% 87.19% 85.83% 87.61% 84.77% 88.53% 88.20%
AMR 89.18% 89.32% 89.64% 88.18% 89.09% 89.82% 87.82% 89.64% 90.00%

Regarding the distillation temperature T, we have also supplemented multiple distil-
lation experiments conducted at different temperatures ranging from 1 to 9. Specifically,
these experiments were carried out with fixed parameters of γ = 1 and ρ = 0.8, and the
corresponding results are presented in Table 6.

Table 6. Experimental results with different distillation temperatures.

T 1 2 3 4 5 6 7 8 9

SD 88.00% 88.66% 88.56% 88.73% 88.53% 88.16% 88.23% 88.38% 88.07%
AMR 90.27% 89.18% 89.55% 89.61% 89.64% 89.27% 89.09% 89.18% 88.91%

It can be observed that the distillation temperature exerts a minimal influence on the ex-
perimental results; thus, a distillation temperature of 5 is adopted as the final experimental
setup.

4.6. Model Complexity

After model lightweighting, the parameter quantities of the JDMR-LNet and the
teacher model are shown in Table 7. The trainable parameters of the student model are
approximately 11.04 times lower than those of JDMR-Net. The parameter quantity of the
JDMR-LNet designed in this paper is significantly reduced compared to the original model,
making it more suitable for deployment on resource-constrained platforms such as FPGA.
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Table 7. The parameters and model size of JDMR-Net, the teacher model and JDMR-LNet. The
compression ratio is the model size of the JDMR-LNet compared with the JDMR-Net and the teacher
model.

JDMR-Net Teacher Model JDMR-LNet Compression Ratio
(JDMR-Net)

Compression Ratio
(Teacher Model)

Parameters 2,168,919 1,736,527 196,383
11.18 8.95Model Size (MB) 8.27 6.62 0.74

Test Time (ms) 27.42 22.75 2.07

5. FPGA Deployment
5.1. Overall Architecture Design

The overall architecture design of the lightweight model on the FPGA platform il-
lustrated in Figure 7, forms a complete and efficient hardware operation chain. We have
conducted functional simulations on this design to validate its operational logic and cor-
rectness. It relies on the collaborative data caching of the input buffer, parameter buffer,
and output buffer and the efficient scheduling of the parameter transmission module and
control module, as well as the core computing support of LSTM, Encoder, and task heads
constructed with basic operation modules. This architecture achieves a significant optimiza-
tion of hardware resource occupancy: compared with the original model, the parameter
occupancy is reduced by 11.18 times, and the FPGA hardware storage resource occupancy
is further reduced by 22.36 times. This achievement fully balances the lightweight require-
ments of the model and the hardware resource constraints of FPGA edge deployment,
which not only verifies the rationality and efficiency of the architecture design but also lays
a solid hardware foundation for the subsequent real-time and low-overhead radar signal
processing tasks at the edge of radar systems.
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Figure 7. The FPGA deployment framework design mainly consists of an external storage module
(DRAM) and internal computing modules. DRAM is responsible for caching input data, weight
parameters, and intermediate calculation results, providing data support for internal computing.
The internal computing modules include LSTM, Encoder, SD Head, and AMR Head. All modules
perform collaborative computing through an internal data bus.

For the network, input data, weight parameters, scaling factors, and matrix computation-
related parameters (such as the number of rows and columns of the input matrix) are loaded
from the off-chip DRAM into the on-chip buffers. The inference results of the network are
first written into the on-chip output buffer, and finally stored in the off-chip DRAM.
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The on-chip buffers consist of three types: input data buffer, parameter buffer, and
output data buffer. Specifically: The input data buffer is used to cache input data trans-
mitted from the off-chip DRAM. The parameter buffer is distributed within each network
structural module, and serves to store weight parameters, scaling factors, and matrix
computation-related parameters required for the inference of that specific module. The
output data buffer is dedicated to storing the computation results of forward inference.

The inference architecture implements the forward inference operations of the model,
and includes four inference sub-modules: LSTM, Encoder, SD head, and AMR head. Each
inference sub-module incorporates computation modules such as matrix multiplication
units, Sigmoid/Tanh activation modules, Softmax layers, and L1 normalization layers.

The parameter transmission module is responsible for reading model-related parame-
ters from the off-chip memory and distributing these parameters to the parameter buffers
within each inference sub-module. The control module manages the computation enable
signals of all inference sub-modules throughout the entire computation process, and also
controls the read enable signal of the parameter transmission module.

Communication between the modules is implemented using the AXI4-Stream pro-
tocol. AXI4-Stream is an interface protocol defined by ARM for high-speed data stream
transmission, which can be used to connect a single master device (that generates data) to a
single slave device (that receives data). The key control signals of the AXI4-Stream interface
protocol are listed in Table 8 In the inference architecture, the output of each module is
matrix data. In this study, matrix data is partitioned into blocks and transmitted via the
AXI4-Stream protocol.

Table 8. AXI4-Stream interface protocol.

Signal Description

aclk Clock Signal
aresetn Reset Signal
tready Slave Ready to Receive Data
tdata Master Transmitted Data
tstrb Indicates Valid Bytes of TDATA
tlast End of TDATA

tvalid Data Transmission Valid
tuser User-Defined Signal

5.2. Simulation Result

The implementation of the overall network architecture is illustrated in Figure 8. The
data distribution module Para trans reads out input data, weight parameters, and scaling
factors from the external memory. The input data is sent to the input data buffer, while
weight parameters and scaling factors are respectively delivered to the buffer of their
corresponding network structures based on their affiliated network architectures.

Figure 8. The structural diagram of the block design implemented on the Vivado tool.
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When the start distri 0 signal goes high, each network structure redistributes the
weight data in the buffer to its respective computational sub-modules. After the distribution
of weight parameters and scaling factors across all structures is completed, the distri over 0
signal is pulled high. Once distri over 0 goes high, the input data is fed into the network
for forward inference.

Due to the large parameter volume of the LSTM structure and the requirement for iter-
ative computation in inference, the matrix multiplication module of this network structure
necessitates a larger computation array. In this study, the size of the matrix multiplication
array for LSTM within Single LSTM, SD head, and AMR head is set to 16, while the size
of all other matrix multiplication arrays is set to 4.

Vivado is employed as the simulation tool in this study. Parameters including input
data, weights, and scaling factors are read from the Testbench file. The simulation waveform
is illustrated in Figure 9, where the inference process of Single LSTM requires 5.39861 × 106

clock cycles; that of Encoder requires 1.27941 × 106 clock cycles; that of SD head requires
2.8168 × 106 clock cycles; and that of AMR head requires 2.80334 × 106 clock cycles. The
simulation clock frequency settings, data throughput, and other related parameters can be
found in Table 9.

Figure 9. The results of simulation and calculation conducted on the Vivado tool.

Table 9. Simulation Performance Metrics.

Clock Frequency End-to-End Latency Throughput

200 MHz 4.73 ms 633.58 k samples/s

The Xilinx XCZU9EG-2FFVB1156E FPGA chip is selected as the target device for the
design, and the resulting synthesis results are presented in Table 10.

Table 10. FPGA resource utilization.

FPGA Resource DSPs BRAM FF LUT
Available Quantity 2520 912 548,160 274,080

Single LSTM 247 103.5 21,895 53,728
Encoder 508 151.5 26,864 66,909
SD head 232 72 20,962 41,335

AMR head 232 72 20,960 41,350
Total Resource Usage 1219 403 90,797 203,403
Total Utilization Rate 48.37% 44.19% 16.56% 74.21%
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6. Conclusions
This paper proposes a lightweight integrated network for radar signal detection and

recognition named JDMR-LNet, aiming to address prominent issues such as running high-
complexity models on edge devices with limited computing resources. Based on the JDMR-
Net model, this model significantly reduces the model volume by compressing the model
structure and hidden layer dimensions, thereby lowering model complexity. Furthermore,
to tackle the insufficient feature extraction capability of lightweight networks, this paper
designs a branch-structured feature distillation method to enhance the signal detection
performance of lightweight networks. The comprehensive use of feature distillation and
relation distillation improves the overall performance of the model. Finally, the number of
parameters of the network model is compressed by 11.04 times compared to the original
model. Through distillation, under low signal-to-noise ratio conditions, it achieves a
maximum performance improvement of 2.37% in the AMR task and 2.07% in the SD task.
It successfully completes the task of a lightweight detection and recognition network and
meets the target performance requirements.

Future research will focus on the deep integration of multi-source domain adapta-
tion (MSDA) and dataset distillation (DD), combined with dataset dictionary learning to
overcome the limitations of radar signal processing in complex scenarios [36–39]. This will
provide an end-to-end solution for real-time radar processing in complex environments.
On the other hand, since the current study is based on a simulated LPI radar dataset, future
research will focus on verifying the method’s generalization ability in multi-scenario set-
tings closer to practical applications, and take the optimization of the dynamic distillation
strategy as one of the key research directions to further refine its adaptive adjustment mech-
anism for the variable requirements of complex scenarios, with bidirectional expansion
from the dimensions of modulation modes and scenarios. By verifying the distillation,
lightweighting performance of the method and the adaptation effect of the dynamic distil-
lation strategy on the expanded datasets, the adaptability of the method in scenarios with
complex signal types and intensive target interactions will be clarified, providing more
comprehensive experimental support for its implementation in real radar systems.
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