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Abstract—In a complex electromagnetic environment, multiple
radar signals of various modes are densely interleaved. In this
environment, radar parameters overlap seriously and change
continuously over time. Traditional radar pulse deinterleaving
algorithms face severe challenges such as parameters missing,
pulse jitter, and the increasing number of electronic countermea-
sure devices. In this paper, we propose a recursive deinterleaving
algorithm based on blind signal separation and deep learning to
cope with such a situation. The Recursive Deinterleaving Network
(RDN) of Deep ToA Mask (DTM) maps the ToA train to a suitable
feature space first. ToA coefficient masks of each radar emitter
are estimated with the local and global context information of the
radar pulse feature. Then the RDN sorts out several radar pulse
trains recursively with the help of dual-path attention. It also
predicts the number of emitters with nearly 100% accuracy and
handles the unknown Pulse Repetition Interval (PRI) situation.
More accurate pulse deinterleaving results can be obtained if
the DTM utilizes more radar parameters through proper pre-
processing fine-tuning and post-processing re-clustering. The
processing steps of the DTM are introduced in detail. The
simulation shows it can achieve 97% sorting accuracy for multi-
pulse interleaved radar train with jitter PRI and pulse missing.
The DTM algorithm can also deal with the interleaved radar
signals of different PRI modulations by re-clustering with noisy
PDW information. On the premise of knowing the modulation
type or PRI information, the pulse train deinterleaving accuracy
of multi-modulation emitters is higher.

Index Terms—Blind Radar Pulse Sorting, Deep ToA Mask,
Recursive Deinterleaving Network

I. Introduction

ELECTRONIC warfare (EW) has become a vital part
of modern warfare, and Electronic Support Measure

(ESM) plays an important role in EW [1]. The function of
the ESM system is to intercept and analyze electromagnetic
signals, and quickly identify threatening signal sources [2].
The deinterleaving of radar signals is a key technology in the
processing of ESM systems. After deinterleaving, the signals
belonging to different sources are sorted from the mixed radar
pulse train, and then different tasks such as signal source
classification, pattern recognition, and tracking are performed
[3].

The pulse train received by the ESM system is described
by Pulse Description Words (PDW). PDW usually includes
five basic parameters: Pulse Width (PW), Radio Frequency
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(RF), Pulse Amplitude (PA), Direction of Arrival (DoA),
and Time of Arrival (ToA) [4]. Among them, the first-order
difference of the ToA train is also called Pulse Repetition
Interval (PRI) if the PDWs are already deinterleaved [5], which
is the intrinsic property of the pulse train. Among radar signal
characteristic parameters, PRI is one of the parameters with
The most diverse way of working, the largest parameter range,
and the fastest parameter change. The recognition of pulse
train modulation patterns becomes more challenging with
factors such as the high complexity of radar operating modes,
high-density electromagnetic signal spaces, extremely complex
signal parameters, and low probability of signal interception.
In such a complex environment, various parameters of the
PDW have a certain probability of being lost or interfered in
the measurement process, which makes the difficulty of radar
signal deinterleaving rapidly increase [6].

PRI modulation of radar pulse signal is an important part
to analyze and identify radar functions and applications. Even
for the same radar, there may be several or even a dozen
modulation types. With the introduction of new electronic anti-
reconnaissance and radar technologies, the modulation type of
radar radiation sources has become more and more complex.
PRI modulation and coding makes it more difficult to cheat
radar jamming in radar countermeasure because the enemy
will not be able to know or predict the accurate structure
of the transmission waveform. The PRI modulation of intra
pulse coding can compress complex signals and effectively
improve the ability of target detection. It has high average
power and low peak power. Its wide bandwidth can improve
the range resolution and reduce the reflection of chaff passive
interference. Due to its low peak power, the radiated signal
is not easy to be detected by the enemy’s electronic support
measures. Therefore, the pulse compression radar using this
kind of complex signal has better electronic anti countermea-
sure performance. However, if the PRI modulation type can
be correctly identified, it will be easier to identify the threat
radiation source [7]. PRI modulation identification can usually
be achieved only by the ToA feature [8]. This paper mainly
focuses on the radar sorting by the ToA.

To ensure accuracy in practical applications, the current
signal sorting method uses one or more of the five PDW
parameters for pulse deinterleaving. Traditional radar pulse
sorting algorithms, such as Cumulative Difference Histogram
Method (CDIF) [9], Sequence Difference Histogram Method
(SDIF) [10] and Improved Histogram Method (IHM) [11],
have clear and intuitive theories, but are not robust to environ-
mental noise and PRI jitter and missing. PDW-based clustering
methods include K-means [12], fuzzy clustering [13], support
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vector clustering [14], hierarchical clustering[15] and Gaussian
distribution based clustering[16, 17]. This type of method
is mainly based on the assumption that the same radar has
similar parameter distribution, and clusters are performed
by designing the distance between PDW features. However,
the clustering method mainly focuses on the similarity of
parameters, so it may not complete the target task well.
Gasperini and Stefano [18] have proposed to encode radar
signals into images, and then perform clustering based on
image segmentation. However, there are also problems such as
low time resolution of clustering and difficulty in determining
the number of clustered radars. The prediction method based
on the feature trajectory [19] mainly uses the RNN [20, 21]
that is combined with the PA to perform signal sorting. It
is inspired by the Kalman filter and the Hough transform
sorting method [22]. It can achieve good results when the PDW
parameters used are accurately measured. When any of these
parameters are missing or misleading interference occurs,
the result will fluctuate. The method based on the Denoise
Autoencoder (DA) [23] can sort the ToA train of multiple
PRI modes well. However, those algorithms perform well only
when the radar PRI value and the number of radar emitters
are known. In an actual environment, that knowledge is not
available in most cases. The PRI transformation method [24] is
a traditional single-parameter deinterleaving method. It seems
that enough radar information is not provided because only
ToA information can be used. The ToA train is a sparse signal,
and the mixed signal is easy to be sorted in suitable feature
space (such as the PRI autocorrelation transform domain) [25].
Even if multiple radar pulse trains are mixed, they can be dein-
terleaved through their spectral information. The traditional
PRI transformation method first needs other PDW parameters
excluding ToA for pre-sorting [26]. In the sorting process,
not only a high time resolution (about 10ns), and calculation
of the autocorrelation function, but also Sequence Search (SS)
and artificial thresholds are required. Sequence Search refers to
using the estimated PRI information to sequentially search the
radar pulse points consistent with the current estimated PRI,
and estimate the PRI more accurately according to the search
results. This method processes the ToA train by guessing and
verifying the PRI at a lower speed. Using the same threshold
in different environments will result in an accuracy decrease.
Deep neural network based algorithm [27, 28] is better for
modeling the complex blind radar pulse sorting problem with
only the ToA feature.

The Deep ToA Mask (DTM) algorithm proposed in this
paper is mainly based on the blind source signal separation
theory [29, 30], inspired by methods such as Independent
Component Analysis (ICA) [31] and Non-negative Matrix
Factorization (NMF) [32]. Recursive Deinterleaving Network
(RDN) is the core of it. Blind source signal separation
algorithms can separate each source by relying on a priori
information or statistical methods when only the mixed signal
sequence is given. Because different source signals have their
own characteristics. In the radar pulse signal, there is also a
specific pattern in the pulse sequence emitted by each radar
emitter, especially the periodicity brought by PRI. On the
other hand, the pulse sequence is generated by a series of

pulse parameters. If the parameters of each source sequence
can be implicitly estimated by neural network combined with
supervised learning, then radar pulse deinterleaving by ToA
alone would be feasible. Since multiple source sequences with
different characteristics are mixed together, their characteris-
tics are difficult to observe in the time domain. Therefore,
we want to map the radar pulse sequence to the latent space
defined by the signal itself, which is similar to the time-
frequency domain, and separate it in latent space. Similar ideas
are often used in the field of speech separation and have been
shown to be feasible [33].

Looking back at previous work, it can be seen that most
algorithms use multiple features in the PDW. However, in prac-
tical applications, we find that not every feature in the PDW is
always available. Even when it is available, it may not be used
for sorting due to noise. Directly using the noisy or missing
PDW features for sorting is very ineffective. Since every radar
pulse train has the ToA feature, we want to use only ToA
feature to deinterleave radar pulse trains in complex battlefield
situations and get high-precision results. When other features
are available, we can also incorporate them into our algorithm.
We will focus on the sorting accuracy of the DTM algorithm
in the scenario of multi-emitter radar pulse sequences where
four PRI modulation types, jitter PRI, stagger PRI, sliding
PRI and group PRI appear randomly. We also discuss how
to incorporate certain information, such as modulation type
or noisy PDW data, to apply this deinterleaving method to
complex multi-modulation multi-emitter scenario.

The main contributions of this paper are summarized as
follows:
• To the best of our knowledge, this is the first deep

learning method combining the deep separable dilated
convolution [33] and dual-path attention mechanism
to constructs the ToA mask of each emitter in the
encoder-decoder feature space. The recursive deinterleav-
ing method can improve the sorting accuracy and better
solve the channel permutation problem. The accuracy of
the DTM is much higher than methods based on sequence
search, clustering and other deep learning deinterleaving.
Moreover, the DTM algorithm only requires a short radar
pulse sequence of about ten minutes during training, and
it can achieve real-time during inference,

• We only make use of the least and most essential feature,
that is, the ToA train, to get a robust radar pulse deinter-
leaving result and predict the emitter number accurately.
It has good generalization. The DTM algorithm does not
require prior knowledge of PRI and the number of radar
emitters, which is more conducive to actual sorting. When
more credible PDW parameters are available, we also
studied how to incorporate them into the DTM algorithm
framework. We also propose pre-processing fine-tuning
and post-processing re-clustering methods to make full
use of that extra information. It can automatically adapt
to the complex multi-emitter environment, and there is
no need to manually set the threshold in inference.

• Without any prior knowledge of the PRI modulation
mode, the DTM algorithm can still deinterleave modu-
lated radar sequence emitted by uncertain number of radar
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emitters with an accuracy of 90.83%. Moreover, we also
consider three possible ways to further improve the effect
of the DTM algorithm in the multiple PRI modulations
scenario. Simulation proves that in the case of known PRI
or unknown PRI with known modulation mode types, the
DTM algorithm can further sort radar signals with a high
accurate under complex modulation conditions such as
stagger PRI, sliding PRI, group PRI and so on.

II. Problem Formalization

A discrete radar PDW train D can be formally expressed
as D = [d1, d2, ..., dT]. Among them, di is a multi-dimensional
vector and contains some PDW parameters. The traditional
method searches the pulse sequence according to possible
PRIs [9–11]. This method requires the manual setting of the
search threshold, but there is no suitable threshold for all
the EW environments. In addition, the PRI is not fixed in
the actual environment. Pulse missing and jitter often occur
in this condition. At this time, the accuracy of the method
based on Sequence Search or deep learning prediction will
drop sharply. For the adaptive neural network-based clustering
methods [34], they regard each di of the PDW train D as an
independent random variable with multiple dimensions, and
ignore the sequential nature of D. Although the method based
on Long Short-Term Memory (LSTM) deinterleaving [20, 35]
considers the timing relationship, it is more sensitive to the
starting point of the sequence. It is not strong in generalization
and is slow. Therefore, these methods are difficult to apply to
a real-time electromagnetic environment.

A. Representation of ToA Pulse Train

This paper mainly studies how to do deinterleaving of
radar pulse trains only through the ToA train itself. Take
the ToA train S from the PDW train D. Now S is a dense
vector, and each element S i represents a ToA point. Also,
S is a single channel signal mixed from multiple radar ToA
trains. Relying on single channel signal to predict the value of
multiple channels sequences is an underdetermined problem.
Fortunately, by transforming a raw ToA train to a sparse radar
pulse sequence, pulse deinterleaving can be achieved using the
sparsity of S. Regard S as an ordered set in ascending order
of ToA, i.e., S = {ToA1,ToA2, ...,ToAn}. For each ToAi ∈ S,
define ToAi , ToAi − ToA1 + 1. Here, , is a assignment
symbol. And we want to scale the value of S into [1,T ].
Therefore, after scaling, ToA1 = 1, and ToAn = T . The
ToA sequence is determined mainly by the PRI. If the ToA
sequence is known, the PRI can be estimated by:

PRI(i) = ToAi+1 − ToAi. (1)

We can convert the set S into a pulse sequence x =

[x1, x2, . . . , xn, . . . , xT ] in the time domain as follows:

x(n) =
∑
toa∈S

δ(n − toa). (2)

where δ(n− toa) represents the shifted unit impulse function at
toa, and n is the time index of the pulse sequence x. After the
above conversion, x is a interleaved pulse sequence. Assuming

that x is obtained by mixing K radar pulse trains, we define
y as radar emitter numbers [1,K] and a mapping f : x → y,
where K is generally unknown in advance. Define xk as a
pulse sequence emitted by the k-th radar eimitter, and define x̂k
as the pulse sequence deinterleaved by any sorting algorithm.
Similarly:

xk(n) =
∑

toak∈S∧ f (x(n))=k

δ(n − toak). (3)

When the deinterleaving mapping f : x→ y is known, x̂k can
be separated from x easily. Therefore, the problem is how to
solve the mapping f from x using sorting algorithm. x̂ can
be reconstructed by x̂k, that is, x̂ =

∑K
k=1 x̂k. If the interleaved

radar sequence is not influenced by noise and the mapping f
is accurate, then x̂ = x. But if x =

∑K
k=1 xk + Noise, we have

E(x) = E(x̂), where Noise represents the Gaussian noise, and
E(x) represents the expectation of random variable x.

B. PRI Modulation

In order to eliminate distance ambiguity, velocity ambiguity,
or eliminate target coverage in pulse Doppler radar, the PRI of
radar is usually modulated. Common PRI modulation methods
include the jitter PRI, the stagger PRI, the sliding PRI, and
the group PRI. Denote the expectation of a PRI sequence as
µpri = 1

T−1
∑T−1

i=1 PRI(i). Together with the fixed PRI, five PRI
modulation types are as follows:

PRI f ixed(i) = µpri + δF(i), (4)
PRI jitter(i) = µpri + δJ(i), (5)
PRIstagger(i) = µpri + A(i), (6)
PRIsliding(i) = µpri + B(i), (7)
PRIgroup(i) = µpri + C(i). (8)

δF and δJ are all the Gaussian distribution noise, but the
standard deviation of δF is usually within 5% of the µpri. the
standard deviation of δJ is able to reach 30% of the µpri. Let
βA, βB and βC to be limitation factors. For the stagger PRI,
given a PRI parameter set satisfying:

A =

Aσ

∣∣∣∣∣∣∣|Aσ| ≤ βA, 0 ≤ σ < KA,

KA−1∑
σ=0

Aσ = 0

 . (9)

Let mod(i,KA) = σ, and KA means the size of the stagger
parameter set. Then A(i) = Aσ. For the linear sliding PRI, we
could define:

B(i) = βB(
σ

KB
−

1
2

)µpri, mod(i,KB) = σ. (10)

Similarly, if there are KC PRI groups, then:

C =

Cσ

∣∣∣∣∣∣∣|Cσ| ≤ βC , 0 ≤ σ < KC ,

KC−1∑
σ=0

Cσ = 0

 . (11)

Each group has G points. When bmod(i,GKC)/Gc = σ, C(i) =

Cσ. mod(x/y) and bxc represent take the remainder of x/y and
round down x respectively.

Fig. 1 is a schematic diagram of the above five PRI mod-
ulation types. Depending on the radar system and function,
the pulse sequence PRI modulation type is also different.
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Fig. 1: PRI Modulation Types Schematic Diagram (µpri = 250µs).

There are various PRI modulation types. Typical applications
of fixed PRI are conventional search and track radar, pulse
Doppler radar. Jitter PRI is used to counter the predicted ToA
interference and reduce the specific interference effect. Stagger
PRI is used to eliminate blind speed in MTI systems. Sliding
PRI provides constant height coverage in pitch scans, avoiding
shadowing effects. Group PRI is used to solve velocity or
range ambiguities, especially for pulsed Doppler radars. [36].

Under the four conditions of unknown PRI, unknown
number of radar emitters, environmental noise, and unknown
modulation type, the problem of radar pulse deinterleaving
is extremely difficult. We will propose three possible ways
(with three different extra information) to solve it. But we
mainly focuses on the deinterleaving problem when the first
three constraints are met. We will prove in the simulation that
as long as the modulation type of each emitter is known in
advance, then the DTM algorithm can be extended regardless
of the modulation parameter, even in the case of multi-mode
modulation.

C. Non-Negative Matrix Factorization Deinterleaving

To separate the effective components from the mixed signal,
common methods are spectral-based decomposition methods,
such as Independent Component Analysis (ICA) and Non-
negative Matrix Factorization (NMF). Since Lee and Seung
[32] proposed the NMF algorithm, a series of NMF-based
signal separation algorithms have been proposed. The process
of Supervised NMF works as follows.

First, For short-time stationary signals, this feature ex-
traction process is often done through Short-Time Fourier
Transform (STFT). Assuming that the window function w(t) is

used to segment the signal, and the number of points in each
frame is N, then the STFT is as follows:

X(t, ω) =

N−1∑
n=0

x(n)w(t − n)e
−2π jωn

N . (12)

However, the radar pulse train changes drastically in a real
environment. Even in the case of the 1 µs time resolution
selected in this paper, a short pulse segment is still not
a stable signal. Moreover, the time-frequency resolution of
STFT depends entirely on the length of the window function
w(t). If STFT is used for radar pulse deinterleaving, a very
short window must be used, which results in low frequency
resolution.

Next, perform NMF on the time-frequency spectrum X,
let W be the basis matrix and H be the coefficient matrix,
decomposition is as follows:

X = WH, s.t. W,H ≥ 0. (13)

In the X matrix, each column represents an observation and
each row represents a feature; The W matrix is called the
basis matrix, and the H matrix is called the coefficient matrix
or the weight matrix. At this time, using the coefficient matrix
H instead of the original matrix can reduce the dimension of
the original matrix and obtain the dimension reduction matrix
of data features, so as to reduce the storage space. The basic
principle of NMF blind signal separation is to decompose the
signal into a non-negative basis matrix and the corresponding
coefficient matrix. Then according to the coefficient mask
corresponding to each emitter, each signal source is finally
sorted.

In the training stage, the base matrix Wk of each radar pulse
sequence is trained based on the supervision knowledge. In
the test stage, Wk is fixed, and only the coefficient matrix
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Hk is calculated. Let � denotes the Hadamard product, the
estimated time-frequency features Xk of each radar pulse train
are obtained:

X =

K∑
k=1

Xk =

K∑
k=1

WkHk (14)

Xk =
WkHk

WH
� X. (15)

In addition, there are many improved NMF methods, such
as the Projective NMF (PNMF) [37] algorithm proposed by
combining Principal Component Analysis (PCA) and NMF,
the Sparse NMF method [38] that further increases the sparsity
constraint, and so on. However, these methods are not suitable
for radar pulse deinterleaving using STFT transformation.
They still need to iteratively compute the sparse matrix Hk
during testing. It is not accurate and robust enough for
complex deinterleaving problem. In order to perform non-
negative matrix factorization, the signal must first be projected
into a sparse feature space. Fourier transform performs time-
frequency conversion from the signal as a whole. After pro-
cessing non-stationary signals, time information is lost in the
spectrum, which makes it impossible to sort radar pulse train.

III. ProposedMethod

In the case of the fixed PRI, although the accuracy is not
high, radar pulse sequences of a small number of emitters
can be deinterleaved using sequence search like methods.
When the number of radar emitters is known, the cluster
based algorithm can also deinterleave the radar sequence
of unknown PRI. However, for unknown PRI, noisy jitter
PRI pulse sequences of unknown radar emitter number, even
the existing deep learning methods cannot solve it. Not to
mention the sorting of interleaved pulse sequences in the case
of multiple unknown PRI modulation modes. But the DTM
algorithm proposed in this paper could solve it under certain
conditions.

A. Radar Pulse Deinterleaving Framework

We propose an algorithm, namely the DTM algorithm,
which is inspired by Supervised NMF. In EW, the interleaved
radar pulse signals are usually streaming data continuously
arriving at the receivers. They cannot be processed at once.
The whole deinterleaving processing framework is shown in
Fig. 2. After formalizing the ToA train S of the received
PDW data D as x(n) according to Section II, all available
PDW parameters except ToA are saved as a extra feature
vector sequence V for optional post-processing algorithms, i.e.,
D = [V; S]. The interleaved radar pulse trains x and those
separated pulse trains xk can be obtained by the simulation
data or by collecting the offline data. We segment the long
pulse sequence into M frames. Each frame contains N pulse
sampling point data, s = [xi, xi+1, ..., xi+N−1], i = 1, 2, ...,M.
sk indicates a pulse frame of the radar emitter k. ys is the
emitter labels of s, and the value of sk could be inferred
easily through it. These frames form a processed pulse data
set {s( j), y( j)

s }, j = 1, 2, ...J, including a total of J pairs of
data. Input each frame of pulse data s into the RDN model

Fig. 2: Radar pulse deinterleaving processing flow.

for offline training according to our designed loss function.
After the training stage is completed, we perform online pulse
deinterleaving to evaluate the DTM algorithm. We could label
some separated radar pulse trains to fine tune the model offline.
On the other hand, it is possible to fine tune the RDN online
for pre-processing. The purpose is to adaptively adjust the
RDN parameters. At the same time, the RDN predicts the
number of radar emitters and sorts a frame of radar pulse
train based on the ToA mask. The ToA mask is a coefficient
matrix of the corresponding radar emitter in the ToA feature
space. It represents the weight, or the proportion of each
individual radar ToA feature to the interleaved radar ToA
feature on the basis of the feature space. After it, we use
the other parameters V as the input of post-processing to
perform re-clustering and get more robust results. The results
are used as the dataset for the online fine-tuning. The network
is dynamically adjusted in the background to avoid affecting
the real-time performance of the online sorting. We update the
RDN parameters after the fine-tuning is completed. Repeat the
above process for subsequent radar pulse frames until all the
frames are processed. At last, label which radar emitter each
PDW point in the train belongs to, then the sorting is finished.
The DTM algorithm includes the RDN training stage and the
whole online radar deinterleaving process.

B. Recursive Deinterleaving Network

The key part of the DTM is the RDN, which is shown in
Fig. 3. It is a network that combines dilated convolution blocks
with intra-frame and inter-frame attention. This structure is
conducive to integrate feature information and extract pulse
sequence patterns. The second column of Table I shows the
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Fig. 3: Structure of the recursive deinterleaving network.

TABLE I: Input shapes of the RDN modules

Module Name Shape Specific shape

Encoder (B,T ) (4, 60000)
RMM (B, F, L) (4, 256, 3749)

Decoder (B,K, F, L) (4, 6, 256, 3749)

shape of the input data for each module of the RDN, and the
third column shows the specific input shape of each module of
the RDN during simulation. The first dimension B represents
the batch size of the training data. The output of the Decoder
is the same shape as the input of the Encoder. The RDN has
four main differences from Supervised NMF.

First, the RDN includes a learnable and adaptive convolu-
tional encoder to map the radar pulse frame s to the coefficient
matrix H directly from the time domain. It implicitly encodes
radar pulse sequences to an appropriate feature space rather
than transforms it to the time-frequency domain by STFT. The
decoder convolution kernels are similar to the basis matrix Wk.
But the decoder is used to map the deinterleaved pulse feature
to the pulse label sequence ys rather than the STFT spectrum
Xk. Second, the ToA mask of each emitter is calculated with
the pulse context information by dilated convolutions. Dilated
convolution refers to the convolution with additional holes in
its kernel. Compared with the normal convolution, the dilated
convolution has one more hyper parameter, called the dilation
rate, which refers to the step size between two values in the
kernel (for the normal revolution, the dilation rate is 1) [39].
PRI short-term mode and long-term mode information is also
merged into the ToA mask through dual-path attention. In
other words, the RDN does not simplely and directly estimate

the coefficient matrix Hk of each emitter like NMF. Third, the
process of the RDN to compute the ToA coefficient mask is
recursive. At each iteration, a certain radar ToA mask Mk of
the emitter k is extracted from the residual ToA coefficient
matrix Rk through the Recursive Mask Module (RMM). Then
the residual interleaved pulse ToA coefficient matrix Rk+1
filtered by the ToA mask Mk are sent to the next iteration to
estimate the next ToA mask Mk+1. That is, in each iteration,
the coefficient matrix Hk are removed from H to simplify
the problem. Fourth, the RDN also automatically predicts the
number of radar emitters based on the deinterleaved radar
feature.

The encoder layer includes convolution kernels B and ReLU
activation function. It ensures that the coefficient matrix H of
the Encoder is non-negative. As mentioned earlier, the radar
pulse sequence is a non-stationary signal even in a short period
of time. So it is difficult to model a radar pulse train with linear
functions. The nonlinear activation makes the representation
ability of features stronger. The Encoder is as follows:

H = Encoder(B, s) = ReLU(Conv(B, s)),H ∈ RF×L. (16)

where F is the feature dimension of H, and L is the time
dimension. Here, if H is decoded, the reconstructed interleaved
pulse frame ŝ can be obtained. By decoding the Hk obtained
by RMM, we will get the deinterleaved single pulse frame ŝk:

P(s) = S igmoid(DeConv(W,H)) (17)

P(s)
k = S igmoid(DeConv(W,Hk)) (18)

ŝ = S Decoder(W,H) = I(P(s) > ts) (19)

ŝk = S Decoder(W,Hk) = I(P(s)
k > ts). (20)
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Here, S igmoid(x) = 1
1+e−x , which is an activation function.

DeConv denotes deconvolution layer.

The SDecoder could be implemented by either a fully
connected layer or a deconvolution layer. The realization of
deconvolution is more efficient. The radar pulse point is always
a 0-1 binary variable, so the confidence P(s)

k will be estimated
through the Sigmoid function at the end of the SDecoder.
I(x) is an indicator function. When the confidence that a
pulse frame belongs to the k-th radar is greater than the
threshold ts, the indicator function I(P(s)

k > ts) = 1; otherwise,
I(P(s)

k > ts) = 0.

It is not suitable to select Softmax for normalization here,
because the radar pulse frames may overlap. At this time, a
certain pulse frame might belong to multiple radars. The radar
pulse trains emitted by different emitters have a weak corre-
lation. This feature is a basis for judging whether the pulse
trains of different modes belong to the same radar emitter. Due
to the existence of noise in the realistic warfare environment,
there is often a certain gap between the reconstructed ŝ and s.
Significantly, there is an assumption in the DTM that the basis
matrix Wk = W. There are enough neural network parameters,
and this simplification can reduce its complexity.

The main part of RMM are two deep separable dilated
convolution block and the dual-path attention block. It is
shown in Fig. 4. It decomposes H after fusing local and global
information. Local information refers to the local relationship
of radar pulse points, which is reflected in the change of radar
pulse sequence in a short time (usually within 2000 µs in
simulation). Global information refers to the mode presented
by the whole pulse frame or even the whole pulse sequence.
This mode is more macro (about 60000 µs are usually con-
sidered in simulation). The reason for this consideration is
due to the existence of multi-mode radar pulse modulation.
Taking the group PRI as an example, the PRI changes within
groups are local information, while PRI changes between
groups are global information. Through this module, the RDN
iteratively predicts the ToA mask Mk from the coefficient
matrix, and obtains Hk. Bottleneck refers to a neural network
structure in which the dimension of the front and back layers of
neurons is higher than that of the middle layer. This structure
looks like a bottleneck. However, our BottleNeck here only
includes the first two layers, which mainly plays the role of
dimension reduction. After Bottleneck, the feature dimension
F is reduced to F′. The activation Parametric Rectified Linear
Unit (PReLU) is defined as:

PReLU(yi) =

 yi, yi > 0
γiyi, yi ≤ 0.

(21)

where γi is a learnable parameter, and is the negative slope of
the activation function. yi is the input of nonlinear activation
function in the i-th channel.

Assuming that Rk is the residual coefficient matrix before
iteration k, and R1 = H in the first iteration, then the recursive

deinterleaving is described as follows:

Mk = RMM(Rk) (22)
Hk = Mk � Rk (23)

Rk+1 = Rk − Hk, (24)

where k = 1, 2, ...,Kmax, and Kmax is the maximum possible
number of radar emitters. In RMM, dilated convolution layers
with dilation rate of 2b are used, where b = 1, 2, ..., B′. Recep-
tive field is defined as the size of the input area after the pixels
on the output feature map of each layer are mapped to the
input. It is the size of a point on the output feature map relative
to the input feature of the network. The radar pulse train
changes rapidly, and the discrimination of radar modulation
mode requires long-term information. Therefore, the receptive
field must be expanded as much as possible while taking
the time resolution into account. The dilated convolution
layer reduces the amount of parameters with deep separable
convolution structure. Deep separable convolution decomposes
the ordinary convolution into two series operations, i.e., point-
by-point convolution and channel convolution, and improves
the inference calculation efficiency of the network. For the
pulse sequence down-sampled by Encoder in 16 times, each
deep separable dilated convolution block contained B′ = 11
separable convolution structures. The receptive field of each
block is 8191. Therefore, it is enough to get the pulse PRI
characteristics.

We divide the features processed by the first deep separable
dilated convolution block into S frames, denoted as Z ∈

RF′×S×L′ . Then the neighborhood patterns of the radar pulse
sequence are encoded in each frame internally. And its global
patterns are encoded between the frames. Attention essentially
assigns a weight to the feature vector at each time step in the
feature matrix Z. If this weight is a one-hot vector, then a
context vector that is most relevant to the current vector will
be selected. At this time, this one-hot vector can be regarded
as an address on the time step, which is called hard addressing.
However, the one-hot vector is not differentiable and it needs
to be solved with the help of the policy gradient. The weight
coefficients in the RMM are continuous values, which can be
understood as soft addressing. If each element in a sequence
is stored in the form of (K,V), then attention completes the
addressing by calculating the similarity between Q and K.
The similarity calculated by Q and K reflects the importance
of the extracted V. We first model the correlation within
the frame through intra-frame attention, and then model the
correlation between the frames through inter-frame attention.
This dual-path attention mechanism is good for the recognition
of radar modulation. Taking group PRI as an example, intra-
frame attention can extract constant PRI information in each
group, and inter-frame attention is responsible for analyzing
the changes in PRI between groups. The intra-frame attention
is as follows:

K1,Q1,V1 = Linear(Z) (25)

IntraAttention(K1,Q1,V1) = S o f tmax
 Q1KT

1
√

F′S

 V1. (26)
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Fig. 4: Structure of Recursive Mask Module (left); Details of dilated convolution layer (right).

Similarly, after dimension permutation, for ZT ∈ RF′×L′×S ,
inter-frame attention is as follows:

K2,Q2,V2 = Linear(ZT) (27)

InterAttention(K2,Q2,V2) = S o f tmax
 Q2KT

2
√

F′L′

 V2. (28)

Before dimension permutation, we use intra-frame attention to
get local information, which is equivalent to stacking adjacent
ToA pulse points together as features. Dimension permutation
is to stack ToA pulse points with a certain interval as features
for inter-frame attention and to get global information.

The normalization method and the residual connection are
important guarantees for the good results of the RMM. The
LayerNorm method [40] simultaneously normalizes the coef-
ficient matrix in the two dimensions, feature and time. The
MeanNorm method proposed in this paper is based on the
GloabalNorm. Moreover, it re-parameterizes the mean and
standard deviation of the normalized coefficient matrix Hk
based on sorting results got from the first deep separable
dilated convolution block and dual-path attention. Therefore,
the normalization method in the first deep separable dilated
convolution block is LayerNorm, but in the second one is
MeanNorm. In RMM, we have added a lot of residual con-
nections between layers and between blocks to prevent the
gradient vanishing problem.

In fact, the RMM computes the ToA mask Mk from the
pulse sequence feature, then separates the coefficient matrix

of the k-th pulse train from the remaining coefficient matrix
Rk. Since W = Wk, whether W is a non-negative matrix or not,
it is equivalent to the iterative process of Supervised NMF as
follows:

Mk

k−1∏
i=1

(1 − Mi) =
WkHk

WH
=

Hk

H
. (29)

Wk can be constrained to be non-negative, but we find that not
specifically constraining it works better. In fact, whether Wk is
non-negative does not affect the RMM derived by NMF, but
only affects what kind of latent space the Encoder-Decoder
maps the radar signal to.

Most of the current radar pulse deinterleaving algorithms
cannot determine the number of radar emitters in a noisy
environment well. The RDN directly predicts the existence
probability of a radar pulse train based on the coefficient
matrix:

P(n)
k = NDecoder(Hk) = S igmoid(Linear(Hk)) (30)

K =

Kmax∑
k=1

I(P(n)
k > tn). (31)

Linear(.) denotes linear transformation. Similar to SDecoder,
NDecoder is a decoder for predicting the number of radar
emitters, and tn is the confidence threshold for the existence
of a radar emitter. After the NDecoder branch, the RDN specif-
ically predicts if a radar emitter exists or not. By summing the
existence probability up, the emitter number is easy to get.
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C. DTM Loss Function

For short-time stationary speech signals, the permutation
invariant signal-to-noise ratio improvement rate is generally
used as the loss function. However, the biggest difference
between the decoded pulse frame ŝk and the ground-truth sk
is that sk is highly sparse, but ŝk does not have sparseness
before rounding from probability sequence to 0-1 sequence
according to the threshold ts. A small value change near ts

in P(s)
k during training stage will cause ŝk to change from 0

to 1, or from 1 to 0. This will cause severe fluctuations in
the calculation of the signal-to-noise ratio and difficulty in
parameters convergence. Furthermore, the threshold ts is not
easy to estimate during the training process. Therefore, a loss
function based on the signal-to-noise ratio cannot be used for
discrete pulse signals. The cross-entropy loss function defined
by the pulse distribution distance would be a better choice.

The channel permutation problem means that any permu-
tation of the radar pulse source on different output channels
is equivalent, resulting in that the same pulse source may be
allocated to different channels. In the deinterleaving process,
we need to define the sequence relationship for the radar pulse
source to avoid channel permutation problems. The value of
the ToA mask Mk belongs to (0, 1). If it is specified that
the norm of the radar coefficient matrix Hk is arranged in
descending order of the iteration rounds, i.e., ‖Hk‖ ≤ ‖Hk−1‖,
then the relationship of the output channels is determined.
Under the output channel arrangement rule mentioned above,
the expectation of PRI µpri will increase as the radar emitter
identification k increases, i.e., µpri,k ≥ µpri,k−1, which is more
natural. In other words, as the radar emitter ID k increases,
the number of pulse points in the sequence will decrease.

This approach can be ambiguous when multiple radar emit-
ters have similar PRI µpri, or when the radar pulse sequences
are influenced by PRI modulation modes and environmental
noise. This is because the feature norms ‖Hk‖ and ‖Hk−1‖

may be very similar at this time. Another approach combines
the advantages of the RDN’s recursive deinterleaving property.
After sorting out the pulse sequence ŝk in each iteration, it is
possible to calculate which real radar pulse sequence sk is
closest to ŝk, and assign ŝk to the corresponding radar emitter
k. Then we compute the deinterleaving loss between the two
sequences. The total loss is the sum of the losses of each
channel ŝk. In the test stage, this training strategy ensures that
each channel of the deinterleaved pulse sequence only includes
the pulse points of a certain radar emitter. There can be a
certain overlap between the radar pulse frames. Through the
overlap between different frame, we can compute the similarity
of the overlap part between the current deinterleaved radar
pulse frame and the previous deinterleaved frame, thereby en-
suring that current channel assignments are consistent with the
previous ones. It ensures the sequential channel consistency.
In this way, the deinterleaving accuracy will not be affected
by the ambiguity of the feature norm ‖Hk‖. Since similar PRI
µpri of two sequences does not exist in our simulation, we
use the first simpler method to solve the channel permutation
problem. But the second method would be more general.

Based on the above analysis, we design a special cross-

entropy loss function to measure the distance between the
predicted pulse distribution and the ground-truth distribution.
We only care about whether ŝk(n) = sk(n) holds when
s(n) = 1, and do not make further requirements for the
performance of the DTM algorithm when s(n) = 0. Because
of the existence of noise, such as PRI jitter or pulse missing,
ŝ(n) > 0 often holds when s(n) = 0. The stronger the noise in
the environment, the higher the probability of pulse points
occurrence. If the probability distribution P(s)

k is relatively
flat, it means the probability of the pulse frame sk(n) = 1
is allocated to the adjacent time point. Therefore, it is not
appropriate to constrain all radar pulse frames to satisfy
ŝk(n) = 0 when s(n) = 0. Let psk = {n|s(n) = 1 ∧ sk(n) = 1},
and nsk = {n|s(n) = 1 ∧ sk(n) = 0} respectively represent
the positive sample set and the negative sample set, then the
deinterleaving cross-entropy loss is as follows:

LD = −

K∑
k=1

[
∑

n∈psk

sk(n) log P(s)
k (n)+

∑
n∈nsk

(1−sk(n))(1−log P(s)
k (n))].

(32)
The cross-entropy loss of radar existence is as follows:

LN = −

K∑
k=1

log P(n)
k −

Kmax∑
k=K+1

log(1 − P(n)
k ). (33)

In other words, we set it as default that when a radar pulse
train exists, it will always be assigned to the foremost channel
first. Only when K = Kmax, the last channel represents a radar
pulse probability sequence. In summary, the total loss is as
follows:

L = LD + λLN . (34)

λ is the weighting factor that weighs the two loss functions
LD and LN .

D. Pre-Processing and Post-Processing for Deinterleaving

After training is over, the RDN can be directly applied
in the realistic EW environment and sort radar pulse trains
of multiple PRI modulations accurately. However, without
prior knowledge of the complex environment and the PDW
information except for the ToA, the DTM algorithm is not
robust enough.

Radar emitters often emit pulse sequence continuously, and
it changes rapidly. Calculated with the time resolution of 1 µs
in this paper, 106 pulse sample points can be generated within
1s. Specific to a certain complex environment, the processor of
the radar receiver may have certain prior knowledge of it, such
as radar emitter type, PRI modulation, noise estimation, and
so on. Before application, it is possible to fine tune the RDN
based on prior knowledge, either by constructing simulation
data or by using the radar pulse data collected in the past.
Even training the model from scratch requires only about pulse
sequence data of about ten minutes. A few seconds of data
is enough to fine tune the network parameters. Specifically,
after the receiver receives the radar pulse sequence, the RDN
performs pre-sorting for a frame of the sequence first. These
radar pulse frames and corresponding deinterleaving results
can be used to fine tune the RDN offline or online.
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To fine tune the model to adapt to the environment, we
could collect some deinterleaving radar sequences, and simply
process them by removing abnormal points and making cor-
rections manually. After that, they are available to fine tune
the RDN offline. During online sorting, if we want to fine
tune the RDN, we should ensure the accuracy of the pre-
sorting results. By using Sequence Search and some post-
processing methods, we could obtain more accurate results.
The DTM takes advantage of the accurate data for fine-tuning
training in the backend. After a period of training time, we
replace the current model with the updated model. Online
sorting and pre-processing do not interfere with each other.
This method combines low-frequency model update with high-
frequency pulse deinterleaving, which not only performs pulse
deinterleaving in real time, but also ensures the accuracy of the
result. The warm-up of the LSTM-based method requires re-
training the LSTM model with a certain amount of supervised
data before use, otherwise the effect will be very unstable.
Relatively speaking, it is closer to offline fine-tuning, and this
is a necessary step for the LSTM-based method. The online
fine-tuning used in DTM algorithm in our paper does not
need to obtain supervised data by manually labeling pulse
sequences, but automatically labels them in the background
through DTM algorithm. The reason why DTM algorithm
can do this is mainly due to its high precision. Even without
preprocessing, it can accurately deinterleave the pulse train,
which is not the case with LSTM-based methods.

On the other hand, there are often many post-processing
methods that could be used to further improve the accuracy of
the DTM. The tracking-based algorithm mentioned above is
one of them. In addition, the cluster based method is usually
a good choice. The PDW vector V could be utilized as the
input of the re-clustering algorithm. The key question of the
post-processing is how to better integrate the RDN pre-sorting
results with the feature V. A feasible method is to use the
believable pre-sorting results as the emitter label to initialize
the cluster center. Moreover, the probability sequence P(s)

k
predicted by the RDN is able to use as weights of sample
points when calculating the feature similarity. The Gaussian
Mixture Clustering (GMM) algorithm makes use of it as the
estimated posterior probability. The RDN also predicts the
number of radar emitters, and the prediction is very accurate.
With this information, the number of clusters is determined
in the post-processing. Therefore, the accuracy of the re-
clustering post-processing is greatly improved compared with
performing clustering directly.

E. Processing of Different PRI Modulation Modes

In fact, only relying on ToA to deinterleave radar pulse
trains with complex modulation patterns is problematic. If nei-
ther the number of PRI and radar emitters nor the modulation
mode is known, the ToA information alone is easy to cause
ambiguity when deinterleaving. Among them, stagger PRI is
the most typical. The deinterleaving algorithm using only ToA
is very likely to treat each component µpri + Ak in stagger
PRI as an independent radar emitter. As shown in Fig. 5, the
same radar pulse sequence can be interpreted as a single radar

Fig. 5: An example of the stagger PRI ambiguity.

emitter sequence of stagger PRI or a three emitters sequence of
fixed PRI. In this example, we can analyze that if it is a fixed
PRI sequence, it is unreasonable that the PRI of each emitter
is identical. Once the environmental missing rate rises and
multiple modulated radar pulse sequences appear at the same
time, can we still distinguish and deinterleaving? The dual-
path attention can alleviate this problem to a certain extent by
analyzing inter-frame information. However, in order to reduce
the amount of network parameters and the required training
samples to make the DTM algorithm more efficient, it would
be better if other information can be introduced to help reduce
ambiguity.

We propose three possible methods to make the DTM
algorithm better applied to the deinterleaving of radar pulse
trains with multiple modulation modes. The first method is
to introduce PRI information to resolve ambiguity. But it
is difficult to know the specific pulse PRI in advance. The
second method is introduce PRI modulation type information,
it may be known in advance relative to PRI information. It
should be noted that the DTM algorithm only needs to know
the modulation type of the PRI, and does not need to be
specific to the modulation parameters. We can also add a PRI
modulation type prediction module before or in the RDN to
realize the prediction through the PRI long-term relationship,
and then guide the radar pulse deinterleaving through it. It is
reserved for our future work. The third method is to treat each
component of stagger PRI and group PRI as a single PRI. After
deinterleaving by the RDN, the noisy PDW information is
used to assist in determining which emitter these components
belong to. This method ignores the relationship between the
pulse groups and considers that the radar pulse trains of
different PRIs are independent of each other. Therefore, after
the RDN, the deinterleaving results must be re-clustered based
on the pulse correlation of the same radar emitters.

IV. Simulation

A. Datasets

There is no standard dataset for the radar pulse deinterleav-
ing task, so the data used in this exiperiment are all noisy PDW
generated by simulation. The parameters of the simulation
are shown in Table II. The dataset is divided into a training
dataset, validation dataset, and test dataset. Each dataset is
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TABLE II: Information of radar parameters

Parameters Value range
Time Resolution 1µs
Minimal Delta 20µs

TOA 1µs − 60000µs
PRI 100µs − 600µs
PW 1µs − 5µs

DOA 30◦ − 90◦
RF 5.0MHZ-15.0MHZ

Emitter Number (K) 1-6
Jitter Rate (θJ) 0-0.3

Missing Rate (θM) 0-0.3
Stagger PRI Set Size (KA) 2-7

Stagger Limitation Factor (βA) 50
Sliding PRI Set Size (KB) 4-10

Sliding Limitation Factor (βB) 100
Group PRI Set Size (KC) 2-5

Group Limitation Factor (βC) 100
Group PRI Number (G) 2-8

independently generated by a different random seed. A frame
of pulse train s contains 60 ms of PDW, and the ToA train will
be converted into a pulse form. The pulse sequence always
starts from 1 and ends at 60000. A frame of data sample
includes more than one individual pulse frame sk as labels, and
the mixed pulse frame s is used as the data to be sorted. There
are some pulse sequences emitted by a single radar emitter in
the training dataset to help the network learn the separated
radar feature. The emitter radar parameter or the means of
them are randomly selected from Table II. The mean of PRI
is µpri, and the standard deviation is δpri = 0.05µpri. The mean
of PW is µpw, and the standard deviation is δpw = 0.5µpw.
Because the time resolution of the model is only 1 µs, both PRI
and PW are rounded up. The first pulse point of a sequence
is randomly selected from 1 to µpri. The minimum PRI
difference of each radar sequence constituting the interleaved
pulse sequence is determined by the parameter ”Minimum
Delta”, which is 20µs in our simulation.

We first generated a jitter PRI modulated radar pulse dataset.
The training dataset includes a total of 8000 pulse sequences
with random radar parameters, and the total duration is 8
minutes with a time resolution of 1 µs. The validation dataset
and the test dataset include independently generated 4000
sequences. And the interleaving pulse sequence is mixed by
random from 2 to 6 generated single radar pulse sequences.
To simulate dynamically changing signals in a complex EW
environment, different degrees of Gaussian distributed noise
will be added according to the jitter rate θJ and the missing
rate θM during the generation process. θJ causes the PRI of
radar pulse trains to vary randomly within δJ , and δJ = θJµpri.
θM causes a certain percentage of radar pulse trains to be lost.

Then we generate a dataset with multiple PRI modulations
and a variable number of radar emitters. PRI modulation
methods include jitter PRI, stagger PRI, sliding PRI and
group PRI. The radar modulation parameters are shown in
Table II, and the meaning of each parameter can be found in
Section II-B. The PRI modulation modes and parameters are
randomly selected within a range to better deal with different
types and working modes of radar in real environments rather

Fig. 6: Interleaving radar pulse train of six radars.

than a certain fixed situation. Except for the change of PRI
modulation mode, other settings are similar to the jitter PRI
dataset.

As shown in Fig. 6, it is an interleaved radar pulse frame
generated by six radar emitters with θJ = θM = 0.1. It
can be found that although a single radar pulse sequence
is sparse, the mixed sequence is relatively dense. In about
ToA = 50µs, multiple radar pulse trains have overlapped.
Near ToA = 850µs, the purple radar is obviously missing.
It can be seen that when the number of radars is larger,
the deinterleaving task becomes more difficult. Affected by
the noise in the environment, the traditional deinterleaving
algorithm will be difficult to play a role.

B. Evaluation Criteria

The formal radar pulse deinterleaving task mainly measures
whether the pulse points belonging to each emitter is predicted
correctly. It includes two aspects of evaluation. The first is the
most straightforward criterion for evaluating the deinterleaving
algorithm: evaluating the prediction accuracy of each sample
point ToAi in the ToA train. For the prediction g : ToA → y
from the ToA train to emitter label, prediction accuracy is as
follows:

Accuracy =
1
T

T∑
i=1

I(g(ToAi) = yi). (35)

However, the DTM algorithm directly processes the radar
pulse train x instead of the ToA train, so the ToA accuracy
cannot intuitively reflect the performance of the algorithm.
Referring to the loss function, we use the precision and recall
of the multi-classification problem to evaluate it. There are
four related indicators: True Positive (TP), True Negative
(TN), False Positive (FP) and False Negative (FN). TP means
the number of elements in the set {n|s(n) = 1 ∧ sk(n) =

1∧ ŝk(n) = 1}, and TN refers to the number of elements in the
set {n|s(n) = 1 ∧ sk(n) = 0 ∧ ŝk(n) = 0}. The definitions of FP
and FN are similar to the previous two. Then the precision P
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and recall R are as follows:

P =
T P

T P + FP
(36)

R =
T P

T P + FN
. (37)

F1 is the harmonic average of precision and recall,

F1 =
2PR

P + R
. (38)

P, R and F1 evaluate the pros and cons of the DTM algorithm
can more accurately, comprehensively and intuitively. If the
emitter emits a pulse train at a certain moment, but the DTM
algorithm does not predict it correctly, the recall will decrease.
If the algorithm predicts too many false pulse points, the
precision will be reduced. Both statistics are indispensable.

C. Simulation Settings

The simulation includes two stages, training and testing.
Before inputting the radar pulse data into the network, it is
first segmented, and each segment is 60ms in length. In the
training stage, the Encoder and Decoder convolutions are both
with step size step = 32, and the kernel size is k = 16. RMM
includes 2 deep separable dilated convolution blocks dual-path
attention. Each convolution block contains B′ = 11 dilated
convolution structures. The dilation rate is increased from 20

to 210, and the size of the kernel is 3. The frame length L′ of
Z ∈ RF′×S×L′ is 300. LayerNorm is used in the first block, and
MeanNorm is used in the second one. The dimension of the
pulse feature after Encoder is F = 256, which is compressed
to F′ = 64 after passing through the BottleNeck. BottleNeck
consists of a F×F′ linear layer and a F′×F′ linear layer with
PReLU activation. It maps the data dimension to a subspace,
thus compressing the data.

The training process follows the paradigm of curriculum
learning [41]. Curriculum learning assigns different weights
to training samples of different difficulty according to the
difficulty of the sample. In the initial stage, the weight of
simple samples is the highest. As the training process contin-
ues, the weights of more difficult samples will be gradually
increased. Such a process of dynamically assigning weights to
samples is called curriculum. There are mostly simple samples
at the initial stage of the curriculum, and the difficulty of
the samples at the end of the curriculum increases. In the
radar pulse deinterleaving task, the fixed PRI, noise-free two
radar deinterleaving task is the simplest, and the unknown
multiple PRI modulation modes, noise-containing radar pulse
deinterleaving task of unknown number of radar emitters is the
most difficult. The training includes three stages. First, we use
the fixed and jitter PRI, 6 radar emitters, no missing data for
pre-training. Then we use the 6 radar emitters data of multiple
PRI modulation modes to train the RDN. The weight of jitter
PRI is relative lower because it is relatively simple. At last,
we use the configuration of random emitter number between
1 to 6, random selected PRI modulation modes and with noise
θM = θJ = 0.3 for training. In this way, the curriculum learning
from easy to difficult is more conducive to the convergence of
the network. And it reduces the radar pulse sequences length

required for training to tens of minutes. The inclusion of a
single radar pulse train (K = 1) in the training data allows
the network to learn the characteristics of the deinterleaving
radar pulse train itself more easily. It is helpful for sorting.
In the first stage, learning rate lr1 = 0.001. For the second
and third stage, lr2 = lr3 = 0.0001. The number of training
rounds epoch is 40 in each stages. Optimizers used in training
are Adam. When F1 does not rise for two consecutive epochs,
the learning rate is reduced to 0.7 times that of the previous
epoch. The thresholds ts and tn belong to the hyper-parameters
of the algorithm. We choose these two thresholds using grid
search. The value is taken at an interval of 0.1 between 0 and
1. Then we take the thresholds with the highest F1 score on
the validation dataset as the thresholds of the DTM. Finally
we set the thresholds ts = 0.8, tn = 0.5.

In the simulation, we first evaluate the performance of
the DTM algorithm in the jitter PRI dataset without any
pre-processing and post-processing algorithms. We evaluate
it in different settings including different radar emitters and
different noise levels. Then we use some pre-processing and
post-processing methods to observe its performance again.
During pre-processing, it will assume that there is certain
prior knowledge and use the generated data to fine tune the
network. The fine-tuning method introduced above is also
used. In the post-processing, the K-means and GMM are
initialized by the prediction of the RDN. Then other PDW
parameters V is used for re-clustering. Moreover, we compare
the DTM algorithm with some commonly used deinterleaving
algorithms to prove its accuracy and robustness. At last, we
extend the DTM algorithm to deinterleave the radar pulse
sequence of different PRI modulation modes under different
conditions on the multiple PRI modulations dataset.

Fig. 7: Interleaving ideal ToA mask M.

D. Results and Discussion

Without a special note, the algorithms are tested under the
configuration of unknown number of emitters, unknown PRI
and unknown PRI modulation mode.

The Encoder encodes an interleaved radar pulse frame to
coefficient feature matrix H and then separates the components
belonging to each emitter. The interleaving ideal ToA mask
M in Fig. 7 visually indicates which radar emitter coefficient
feature Hk dominates in the interleaving radar coefficient
feature map H. It is different from the ToA mask Mk used
in the actual sorting. The interleaving ideal ToA mask points
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M(i, j) takes discrete values from -10, 0, 1, 2, 3, 4 and 5. It
indicate that different radar emitter k dominates the coefficient
feature components (i, j) in H. When the values of all Hk(i, j)
are small, M(i, j) = −10. When Hk(i, j) > H−k(i, j) and Hk(i, j)
is large enough, M(i, j) = k. H−k represents the coefficient
feature map of other radar emitters except Hk. As mentioned
earlier, H ∈ RF×L. Therefore, M ∈ RF×L. i is the subscript
of the L dimension (also the “time” dimension) of M, and
j is the subscript of the F dimension (also the “frequency”
dimension) of M. It can be found that each coefficient feature
point has different characteristics at different feature points,
and these specific patterns are the basis for helping the network
to identify each component. The coefficient mask points in
the time dimension show a certain periodic pattern and are
associated with certain emitters. Moreover, since radar emitters
are arranged in ascending order by PRI, the radar coefficient
mask points dominated by smaller ID k are also denser.

The appearance probability P(s) of each time point and the
ground truth pulse point outputted by two radars after RDN
processing are shown in Fig. 8 (a). This is in line with our
previous assumption that the probability is the largest at the
true pulse point, and part of the probability mass is allocated
to the time point near the true pulse point. It is found from
Fig. 8 (a) that even if the interval between two pulse trains
of different emitters is very small, the algorithm can correctly
sort them. We perform anomaly detection via removing the
pulse points whose predicted PRI is beyond three times the
standard deviation range by calculating the mean and variance
of the PRI of the predicted deinterleaving sequence of each
radar emitter. However, the deinterleaved sequence output by
the RDN does not contain such abnormal pulse point. The
deinterleaving results of the six radars are shown in Fig. 8
(b). The result is nearly the same as the ground truth, which
proves that the DTM could accurately deinterleave pulse trains
in a noisy environment with multiple emitters.

In an electronic warfare environment, there are often mul-
tiple radar emitters, and their number will change over time.
This requires the algorithm to be able to dynamically pre-
dict the number of radars in a certain environment, and the
prediction should be sufficiently accurate. Let the maximum
number of radar emitters be Kmax = 6. Fig. 9 shows the
sorting results of the DTM algorithm under different numbers
of emitters. When the number of radars continues to increase,
the sorting effect will gradually deteriorate. But even when
six radar emitters emit signals at the same time, the DTM
algorithm has a deinterleaving accuracy of 90.6%. With such
accuracy, the algorithm can easily estimate the actual PRI of
each emitter and correct the predicted ToA train. Moreover,
the RDN predicts the presence of each emitter with more
than 99% confidence, and the number prediction accuracy
reaches 100%. When the radar emitter k exists, P(n)

k > 0.99.
The number prediction accuracy is also calculated using the
simulation results. The accuracy rate is 100%, that is, the RDN
can always predict the number of radar emitters correctly. This
shows that the algorithm does robustly respond to changes in
the number of radars. It should be noted that the significance
of accurately predicting the number of emitters is not only
to improve the accuracy of the RDN deinterleaving, but more

importantly, it also provides information for post-processing
methods.

The curves in Fig. 10 are Precision-Recall (P-R) curves of
sorting in different missing and jitter rates. The horizontal
axis is the recall, and the vertical axis is the precision. As
the threshold ts increases from 0 to 1, precision gradually
increases, and recall gradually decreases. Only a certain point
in the P-R curve cannot fully measure the performance of our
model. Through the overall performance of the P-R curve,
the model could be evaluated more comprehensively. The
larger the area under the P-R curve, the better the model
performance. It can be seen from Fig. 10 that the presence
of noise affects the performance of the model. Since the PRI
is unknown, the model cannot determine which radar emitter
is abnormal when the pulse points miss or deviate too much
from the PRI mean µpri. Sometimes there is even a situation
where multiple pulse points overlap each other, and it is more
difficult to judge at this time. But even when θM = θJ = 0.3, the
accuracy of the RDN on the test set still reaches about 80%.
Under such harsh conditions, assuming that loss and jitter are
independent of each other, there is a 51% probability that the
pulse point will be affected. For such pulse points, there is
about 2/3 probability that they can be predicted correctly. The
more specific statistics change with the missing and jitter rates
are shown in Table III. When the missing and jitter rates are
less than 0.1, noise has almost no effect on the performance
of the RDN. Relatively speaking, the impact of PRI jitter on
the DTM algorithm is greater than the missing. The above
simulations prove that even without any pre-processing and
post-processing, the DTM could robustly sort the unknown
number of radar signals severely affected by noise in the
electronic warfare environment.

Table IV compares the performance of the DTM algorithm
with other commonly used radar pulse deinterleaving algo-
rithms. It should be noted that because there is no universal
dataset for radar pulse deinterleaving tasks, the data from the
original paper may not be comparable. However, we guarantee
that it is more difficult for deinterleaving in our simulation
than the original one because of equal or stronger environment
noise, unknown radar emitter number, and unknown specific
jitter PRI information. In order to ensure the fairness of the
comparison, the statistical data of the comparison algorithm
in the table is the highest value of our implementation result
and the result in the original paper [11, 18, 20, 23]. In Table
IV, ”fixed PRI” means that the average value of PRI µpri

is fixed in the simulation. ”2, w/o noise” means that the
number of radar emitters is fixed at two, and there is no
pulse missing and jitter. In the pre-processing process, we
cache the processed radar pulse fragments, then use accurate
labels (or post-processed labels with high confidence) to fine
tune the network for 10 seconds, and then update the RDN
parameters to perform prediction for the subsequent sequence
of pulse trains. In the post-processing process, we use K-
mean and GMM individually for re-clustering. The number
of clusters is determined by the number predicted by RDN,
and the initial centers of clusters are obtained by the weighted
average of PDW parameter V with a confidence greater than
0.8. It should be noted that the PDW parameter V generated
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Fig. 8: (a) left: Probability P(s)
1 , P(s)

2 and the real pulse points of them. (b) right: Sorting results (the two figures below show
the details of the one above).

Fig. 9: The RDN deinterleaving statistics under different number of emitters.

by the simulation has a lot of noise and missing. Only when a
sufficiently accurate result is obtained by ToA deinterleaving,
the post-cluster would have a positive effect on sorting. The
real-time rate of the whole DTM algorithm in test stage is less
than 0.5, i.e., 60 ms radar pulse sequence can be processed
within 30 ms. Therefore, the DTM algorithm can achieve real-
time processin.

For clustering-based algorithms, K-means, GMM, and NN-
cluster, they all use extra PDW feature V, and the number of
clusters is set to Kmax = 6. These algorithms do not work well.
The unknown and unfixed number of clusters influence their
performance a lot. However, if the clustering algorithm is used
as the post-processing module in the DTM algorithm, it could

assist the RDN to make more accurate predictions because the
number of clusters is known and there are initialized cluster
centers. SDIF and IHM do not work well when the Signal-
to-Noise Ratio (SNR) is low and the number of radars is
large. With the increase of the number of radar emitters and
the increase of environmental noise, the effect of the method
based on sequence search will decrease sharply. Denoise
Autoencoder (DA) can only deal with the fixed PRI situation
and works well in it. The LSTM achieves good results when
there are only two radar signals and they do not contain noise.
In addition to using the ToA, the algorithm also uses Pulse
Amplitude (PA) and some other features constructed through
the ToA and PA as input. LSTM is so sensitive to the starting
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TABLE III: Statistical results of unknown number of radar varying noise rate

Noise Rate Precision Recall Accuracy F1

θM = 0.0, θJ = 0.0 0.9205 0.9409 0.9496 0.9306
θM = 0.0, θJ = 0.1 0.9104 0.9213 0.9323 0.9158
θM = 0.1, θJ = 0.0 0.9129 0.9421 0.9468 0.9273
θM = 0.1, θJ = 0.1 0.9063 0.9240 0.9303 0.9151
θM = 0.2, θJ = 0.2 0.8312 0.8377 0.8617 0.8344
θM = 0.3, θJ = 0.3 0.8146 0.7646 0.8172 0.7888

TABLE IV: Statistic results of deinterleaving with different algorithms

Method Precision Recall Accuracy

K-Means [12] / / 0.3721
GMM [17] / / 0.7151

NN-cluster [18] 0.7021 0.7442 0.7573
SDIF [25, 42] / 0.3587 /

IHM [11] / 0.5120 /
DA [23] (fixed PRI) 0.8356 0.8452 0.8598

LSTM [20] (2, w/o noise) 0.9672 0.9836 0.9749
RDN (fixed PRI) 0.9307 0.9642 0.9242

RDN (2, w/o noise) 0.9921 0.9791 0.9847
RDN 0.8146 0.7646 0.8172

RDN + post. K-means / / 0.9441
RDN + post. GMM / / 0.9522

pre. + RDN 0.9166 0.8838 0.8907
pre. + RDN + post. GMM / / 0.9764

Fig. 10: Precision-Recall curves in different missing and jitter
rates

point that it needs to be warmed up. After our investigation,
none of the existing deep learning methods can achieve good
results under the current settings. The RDN itself only uses
the ToA train for pulse deinterleaving and achieves 81.72%
accuracy. Simulations show that proper pre-processing and
post-processing can further improve the prediction accuracy of
the DTM algorithm to varying degrees. The DTM algorithm
achieves the maximum accuracy of 97.64% among all the
methods. The performance of the DTM is also better than
the LSTM in the case of 2 emitters and no noise, and better
than the DA in the fixed PRI condition. Then we assume that
there is a prior knowledge about the modulation type and PRI
respectively, and fine tune the network on this basis.

Finally, we performed a deinterleaving simulation in mul-
tiple PRI modulation modes modulated radar pulse sequence,
as shown in Table V. We test the sorting accuracy of jitter
PRI, sliding PRI, stagger PRI and group PRI under the
configuration of unknown number of emitters, unknown PRI
and unknown PRI modulation mode fisrt. It appears from the
data generation process that all the generation parameters are
randomly selected from the parameter range of Table II. The
interleaving radar sequence contains multiple emitters, and the
modulation type of each emitter is randomly selected from
four modulation types. For an interleaving pulse sequence,
it is possible that multiple radar emitters are of the same
modulation type.

From the previous simulations of interleaved pulse se-
quences of jitter PRI, it can be found that when only the
ToA information is used, robust and accurate sorting can be
achieved for fixed PRI and jitter PRI pulse train, even when the
number of radar emitters is large. From the current simulation,
if the interleaved pulse sequence is generated by some emitters
of multiple PRI modulation types, sorting with ToA alone can-
not give very good results. The impact to accuracy of sliding
PRI and jitter PRI is relatively small. Even using ToA alone
can achieve a sorting accuracy of about 90%. This is because
these two PRI modulation types basically belong to single-
mode modulation and are less affected by ambiguity. Both
stagger PRI and group PRI belong to multi-mode modulation,
and the accuracy is low when only ToA is used for sorting.
Therefore, when there is no additional information, the radar
pulse sequences sorting accuracy with multi-mode modulation
emitters is greatly reduce. The result of deinterleaving in this
case is ambiguous. Despite the ambiguity, the DTM algorithm
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TABLE V: Accuracy of the DTM algorithm in multiple PRI modulation modes with different information

PRI Modulation Types No Extra Information Modulation Types PRI Noisy PDW

Jitter PRI 0.8969 0.9881 0.9510 0.9298
Sliding PRI 0.9010 0.9783 0.9486 0.9262
Stagger PRI 0.6848 0.9415 0.9210 0.8079
Group PRI 0.6954 0.8241 0.9485 0.8530

All 0.8495 0.9444 0.9491 0.9083

can still sort the interleaved sequence by virtue of structures
such as dilated convolution and dual-path attention. Since the
missing rate and jitter rate are relatively small compared to
the previous simulation (θM = θJ = 0.1), the sorting accuracy
of jitter PRI of the RDN has been improved. The sorting
accuracy of sliding PRI is higher than the previous one, which
is due to the easier predictability of its PRI change pattern.
The deinterleaving accuracy of stagger PRI and group PRI is
about 70%, which is much lower than jitter PRI and sliding
PRI. It illustrates the negative impact of ambiguity on the
deinterleaving of these two PRI modulation modes.

We considered three types of extra information for solv-
ing the ambiguity: modulation types, PRI and noisy PDW.
”Modulation Types” means that the modulation type of each
radar emitter is known in advance, but the specific modulation
parameters are not known. In this scenario, we have additional
information about the emitter modulation type or we can infer
it. That is to say, even if the modulation type is not known,
it can be predicted accurately by deep learning algorithms
[43]. ”PRI” refers to the fact that we know the PRI of each
radar emitter in advance, which is a relatively strong additional
information and is less likely to appear in practical situations.
”Noisy PDW” is the most readily available extra information,
and is often used in radar pulse deinterleaving. Since extra
PDW parameters other than ToA are usually noisy or even
missing in our scenario, we focus on using ToA only for
deinterleaving. Therefore, in the simulation, we regard the
”Noisy PDW” data as additional information, and use it to
assist in solving the problem of radar signal deinterleaving
under various pulse modulation types condition through the
post-clustering method.

The PRI modulation information can increase the stagger
PRI sorting accuracy of the DTM algorithm to more than
90%. There is also an increase of more than ten percentage
points for group PRI. When we know the PRI information
of the interleaved radar pulse sequence in advance, the DTM
algorithm has high deinterleaving accuracy for any modulation
mode, and the total accuracy reaches 94.91%. The only disad-
vantage is that when only the PRI information is known but the
modulation type is not known, the fine-tuning of the network
requires several minutes of samples. This also indirectly shows
that the modulation type is very important information for
the sorting of radar pulse sequences with multiple modulation
modes. We can also treat each component Ak of stagger PRI
and Ck of group PRI as a single one, then use noisy PDW
information to assist deinterleaving. After sorting by the RDN,
we re-cluster the sorted pulse sequences according to the
correlation of each emitter or the correlation between PDW

parameters to indirectly realize the sorting of stagger PRI
and group PRI sequences. Since the RDN has a high sorting
accuracy for sequences with single-mode PRI change patterns
such as jitter PRI and sliding PRI, after converting stagger PRI
and group PRI into multiple fixed PRIs, the sorting accuracy
mainly depends on the noise level of other parameters of
the emitters. Here we use K-means to re-integrate the sorted
radar pulse sequence. Since other PDW parameters are noisy
or missing, the sorting accuracy of stagger PRI and group
PRI is lower than that sorting with modulation types or PRI
information. But the advantage is that this method does not
require any prior knowledge about the radar pulse emitters
except for the PDW parameters.

When using the noisy PDW information, the constraint
of the DTM algorithm on the multi-mode modulation radar
emitter basically disappears. At this time, the sorting accuracy
of stagger PRI and group PRI can reach more than 80%. If
there is modulation type or PRI information, the deinterleaving
results of stagger PRI and group PRI are not much different
from single-mode modulation type. The modulation type in-
formation is relatively easy to obtain or infer from the ToA.
At this point, the DTM algorithm can accurately deinterleave
any PRI modulation type.

V. Conclusion

A DTM based sorting algorithm is proposed inspired by
NMF in this paper. It is to solve the problem of radar
deinterleaving in a complex electromagnetic environment with
unknown PRI and the number of radar emitters only by the
ToA feature. Even the PRI modulation mode is unknown, the
DTM algorithm could deinterleave it. We also propose three
methods to further improve the accuracy of the DTM algorithm
in radar pulse sequence of multiple PRI modulation types.

The encoder-decoder structure and designed loss function
of the RDN solves the feature extraction problem of non-
stationary signals. The dilated convolution blocks of RMM
increases the receptive field, and the deep separable convolu-
tion structure improves the sorting speed of the network. The
dual-path attention mechanism integrates the PRI information
within and between frames, which is more conducive to the
identification and deinterleaving of different PRI modulations.
The MeanNorm method makes full use of the deinterleaving
ToA mask information outputted by the first convolution and
attention block to reparameterize the pulse feature. The ToA
mask based recursive method enables the RDN to obtain
better results even when multiple pulse trains are missing and
overlapped. Blind signal separation and NMF ideas enable the
DTM to cope with interleaved radar signals of unknown PRI
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and unkown emitter number. The fine-tuning and the GMM
based re-clustering method make the DTM be able to use
the remaining parameters in the PDW and get more accurate
deinterleaving results.

We prove the DTM algorithm can sort jitter PRI modu-
lated radar pulse sequences of unknown emitter number and
unknown PRI through simulations. It is robust to noise, with
high deinterleaving accuracy even sorting only with ToA. It
can run in real time and the RT F of the DTM is less than
0.5. Moreover, we also prove that the DTM algorithm could
deinterleave multiple PRI modulation radar signals with a high
accurate in the case of known PRI or unknown PRI but known
PRI modulation types. Through the simulations, we can draw
the conclusion that the DTM algorithm is better than those
radar pulse deinterleaving benchmarks that are commonly
used.

Whether pre-processing or post-processing, it can be used as
a supplement and assistant to the RDN prediction, so that the
whole DTM can get better results. However, it should be noted
that the RDN prediction has performed very well without
using any pre-processing and post-processing algorithms. The
pre-processing and post-processing in the DTM cover a wide
range of algorithms. We only give a few examples here.
In future work, we will continue to explore the network
structure of the DTM based on ToA sorting and more other
related post-processing methods. On the other hand, we will
continue to explore how to decouple the PRI modulation type
identification and radar pulse deinterleaving, so as to predict
the PRI modulation type of each radar emitter first, and then
deinterleave the pulse sequence according to it.
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