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Abstract— Pulse repetition interval (PRI) estimation remains
critical yet challenging in radar signal sorting (RSS), par-
ticularly under complex electromagnetic environments and
diverse radar operating modes. Traditional methods relying
on direct PRI estimation often fail to handle complex PRI
modulation patterns and unknown radar modes while exhibit-
ing sensitivity to missing pulses. In light of this challenge,
we introduce the concept of virtual PRIs, a representa-
tion derived from fine-grained clustering of pulse descriptor
words (PDWs). Virtual PRIs serve as statistically robust sur-
rogates for true PRIs that preserve temporal patterns even
under complex PRI modulation and missing pulses while
eliminating the need for explicit PRI estimation. This enables better handling of complex PRI modulation without prior
knowledge of radar operating modes. To address the overclustering issue introduced by fine-grained clustering, where
the number of obtained pulse clusters far exceeds the actual number of radar emitters, we introduce a dual-path network
to merge fine-grained pulse clusters by jointly processing stacked virtual PRI sequences and individual virtual PRI pulses
for global and local pulse feature extraction. The accuracy and robustness of our virtual PRI-assisted RSS schemes are
validated on datasets incorporating complex PRI modulation, missing pulses, and unknown radar modes.

Index Terms— Convolutional neural networks (CNNs), feature distribution shifts, pulse repetition interval (PRI), radar
signal sorting (RSS).

I. INTRODUCTION

G IVEN the increasingly sophisticated radar signals and
the complex electromagnetic environments, it is more

and more difficult for the electronic reconnaissance system
to perfectly sort the pulses from different radars, and such
imperfection in radar signal sorting (RSS) will adversely
affect the effectiveness of subsequent electronic support and
countermeasure operations [1], [2], [3], [4], [5], [6], [7].
Pulse descriptor words and pulse repetition interval (PRI)
are widely utilized for RSS. The conventional PDW-based
RSS schemes, which operate on a template-matching prin-
ciple, often fail to effectively sort radar pulses when their
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PDWs partially overlap. Recently, driven by neural networks’
capability of automatic feature extraction and nonlinear rela-
tionship modeling, we have witnessed growing interest in
deep learning (DL)-based RSS, which utilizes a well-trained
deep neural network for signal sorting. Unlike traditional RSS
schemes, DL-based RSS attempts to separate the densely
interleaved radar signals by capturing their distributions in
a projected feature space such that the pulses from differ-
ent radar emitters can be correctly sorted even when their
parameters are partially overlapped [13], [14], [15], [16],
[17].

Existing PDW/time of arrival (TOA)-based DL schemes
directly work with the interleaved pulse streams, and each
pulse is mainly characterized and sorted by a group of
parameters called pulse descriptor words (PDWs) [16],
[18], [19], [20]. Although these PDW/TOA-based DL
schemes have verified the benefit of using time-domain
pulse modulation behaviors for RSS, they directly rely
on raw TOAs without exploiting the PRIs, which funda-
mentally reflect the operating modes of different radars.
Consequently, this leads to suboptimal sorting perfor-
mance and limited robustness in highly complex interleaved
environments.

To address this limitation and fully exploit these temporal
patterns, researchers have proposed PRI-based DL schemes to
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explicitly extract PRI-related information for RSS [26], [27],
[28], [29], [30], [31]. Although these PRI-based DL schemes
can address the lack of true PRIs to some extent, the iterative
approaches for PRI extraction can lead to cumulative PRI
estimation errors, where the erroneous PRI estimation can
result in incorrect signal sorting and in turn affect the accuracy
of subsequent PRI estimation and signal sorting. Furthermore,
another significant limitation of these schemes is their poor
robustness in complex reconnaissance scenarios. Specifically,
the extraction of accurate PRI information becomes extremely
vulnerable to multifunctional radars and complex modulation
types, such as PRI jitter, stagger, and agility. This problem is
further exacerbated by missing pulses in the captured pulse
sequences, which severely hinders the reliable application of
PRI-based schemes in practical environments.

Consequently, existing schemes either underutilize temporal
PRI patterns or struggle with cumulative errors and high
sensitivity to complex modulations and missing pulses during
explicit PRI estimation. To circumvent these fundamental limi-
tations, this article introduces a kind of parameter called virtual
PRI, which can be efficiently extracted as a robust substitute
for true PRI to assist RSS. By utilizing these substitutes, our
scheme successfully captures essential temporal patterns while
completely avoiding the trap of iterative PRI estimation and
its associated cumulative errors. Specifically, these virtual PRIs
are derived from a fine-grained PDW-based clustering result.1

Unlike the ground-truth PRIs, virtual PRIs are the differences
between the TOAs of neighboring pulses within the same fine-
grained cluster. Different from the classical clustering scheme
normally adopted in RSS, our fine-grained clustering scheme
is designed to group the pulses into a number of clusters
which is far larger than the actual number of categories [26],
[32], [33], [34], [35], [36]. In doing so, we can ensure that
only pulses with very similar PDWs are clustered together,
and thus, the pulses within the same cluster are very likely
from the same operating mode of a specific radar. Under these
circumstances, the virtual PRIs derived from adjacent pulses
within the same fine-grained cluster represent the accumula-
tion of several true PRIs with high probability, even in the
case of missing pulses and complex PRI modulation patterns
(e.g., PRI jitter, stagger, and agility). By using the extracted
virtual PRIs as surrogates for the ground-truth PRIs in pulse
deinterleaving, the virtual PRI-assisted RSS scheme enables
robust PRI characterization without explicit PRI estimation.
Unfortunately, the fine-grained clustering also introduces an
overclustering issue, where the number of obtained pulse
clusters can far exceed the actual number of radar emitters.
To address this issue, we propose a dual-path network to
merge fine-grained pulse clusters by jointly processing stacked
virtual PRI sequences and individual virtual PRI pulses for
global and local pulse feature extraction. First, the dual-path
network employs adaptive spatial attention, adaptive channel
attention, and self-attention modules to help extract subtle

1Although PDWs and PRI are both subject to estimation errors, unlike
PDWs, the accuracy of PRI inherently depends on correct pulse-to-emitter
association. Erroneous pulse-to-emitter association often leads to significant
discrepancies in PRI values, and thus, the utilization of PRI in RSS requires
specialized treatment.

differences in PDWs and virtual PRIs between different radar
modes. Second, the dual-path network utilizes separate input
paths to process both the PDWs and virtual PRIs associated
with individual pulses and those associated with a sequence
of consecutive radar pulses from the same fine-grained pulse
cluster. This allows the network to explicitly extract both
global and local features of radar pulse signals. The global
features refer to the time-varying patterns of the virtual PRIs
and PDWs extracted from the consecutive pulse sequences
assigned to the same fine-grained pulse cluster, which enables
the dual-path network to capture the overall distribution of
the pulse sequence, for robustness against the distribution
shifts in individual radar pulse features caused by noise.
The local features, on the other hand, refer to fine-grained
characteristics of individual pulses and enable the network to
uncover consistent, subtle patterns when radar pulse features
undergo overall distribution shifts due to the variations in
operating modes, thereby improving generalizability. Third, to
facilitate accurate RSS in the case of highly overlapped PDWs,
the dual-path network is trained by incorporating interclass
and intraclass losses on top of the classification loss, where
the interclass loss is used to enlarge the feature differences
between the pulses from different radars while the intraclass
loss helps to reduce the feature differences between the signals
from the same radar. The major contributions of this article
are summarized as follows.

1) We introduce the concept of virtual PRIs and a fine-
grained PDW-based clustering scheme for effective pulse
sorting. Unlike the traditional clustering algorithm, our
fine-grained clustering algorithm groups radar pulses
into a much larger number of clusters than actually
needed so that virtual PRI can be extracted as substitutes
for the true PRI to assist RSS.

2) We propose the dual-path network to mitigate the
overclustering issue introduced by the fine-grained
clustering. Its dual processing paths separately model
stacked virtual PRI sequences and individual virtual
PRI pulses, enabling the network to jointly capture
global and local pulse features for more reliable cluster
merging.

3) Following the established practices in RSS research [21],
[24], [37], where real-world datasets are lacking, we
evaluate the effectiveness of the proposed virtual PRI-
assisted RSS scheme on simulated datasets where the
captured pulse sequences suffer complex PRI modula-
tion patterns, missing pulses, and unknown radar modes.
The experimental results on these datasets demonstrate
that incorporating virtual PRIs yields an improvement
of 14% in accuracy, and the proposed scheme con-
sistently outperforms benchmark methods utilizing PRI
estimations derived from the traditional PRI estimation
algorithms.

The remainder of this article is organized as follows.
Section II reviews the related work. The RSS problem and
our proposed virtual PRI-assisted scheme are presented in
Sections III and IV, respectively. Experimental setups and
simulation results are discussed in Sections V and VI, respec-
tively, followed by conclusion in Section VII.
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TABLE I
COMPARISON OF EXISTING RSS APPROACHES AND THE PROPOSED METHOD

II. RELATED WORK

Various schemes have been explored to tackle the RSS
problem. As summarized in Table I, existing studies can be
broadly categorized into three groups: conventional schemes,
PDW/TOA-based DL schemes, and PRI-based DL schemes.
As for the conventional schemes, such as that proposed
by Mardia [8], they typically rely on template-matching or
iterative algorithms for PRI estimation [8], [9], [10], [11], [12].
Consequently, these conventional schemes either often fail to
effectively sort radar pulses when their PDWs partially overlap,
or are prone to cumulative estimation errors in PRI estimation,
especially in the presence of complex PRI modulations (e.g.,
jitter, stagger, and agility) and missing pulses, which severely
degrade their performance in complex and congested electro-
magnetic environments.

For the PDW/TOA-based DL schemes, Lang et al. [21]
proposed a residual graph convolutional network-based RSS
scheme where the adjacency matrix is constructed based on
the PDWs of different pulses to capture their underlying rela-
tionships and proximities for efficient learning. Zhou et al. [22]
presented a sequence-to-sequence RSS scheme where multiple
self-attention mechanisms are utilized to process the embedded
PDWs to extract the correlations between the pulses from the
same source at the sequence level for effective signal sorting.
To address the issue of seriously overlapped radar parameters,
Chen et al. [23] proposed to map the PDWs of the received
pulses into a 2-D lattice and utilized an instance segmentation
network to cluster the PDWs for signal sorting. Given the tight
connection between pulse train modulation patterns and the
operating modes of radar emitters, Xiang et al. [24] utilized
a recursive deinterleaving network to process the TOA, a
part of the PDWs, and trained the network for RSS with the
help of dual-path attention. Along the same line of thought,
Chao et al. [25] proposed a semantic segmentation-based pulse
deinterleaving scheme with the differences of TOAs as input.
However, despite these advancements, these schemes generally
underutilize essential temporal PRI patterns, rendering them
less robust in the presence of missing pulses and complex
PRI modulations.

For the PRI-based DL schemes, Chi et al. [26] used a
limited penetrable visibility graph to capture the underlying
community structure within the collected PRI measurements
so that the pulses from different radars can be sorted by

detecting the communities inside the graph with the label
propagation algorithm and density peak clustering. On top
of this work, Zhang et al. [27] attempted to further improve
the sorting performance by proposing a similarity-based con-
ditional label propagation algorithm for reliable community
detection. Given the detrimental impacts of noise and outliers
on label propagation, Li et al. [28] exploited the density-
based spatial clustering of applications with noise (DBSCAN)
to preprocess the input to the conditional label propagation
algorithm so that erroneous community detection resulting
from incorrect label propagation can be addressed to facilitate
effective RSS. Motivated by the pixel clustering approach
used in image segmentation, Nuhoglu et al. [29] mapped
radar pulses to pixel points in a 2-D time-PRI image using
a PRI transform-based complex autocorrelation function and
developed a U-shaped convolutional neural network (U-Net)-
based RSS scheme by clustering pixel points in the 2-D
time-PRI image. However, the above works use the true PRI
in both the training and test sets, which is not feasible in
real-world environments. Therefore, some works have used
iterative algorithms to extract the PRI estimates from the test
pulse sequences to assist RSS [30], [31]. Benefiting from the
advancements in neural networks, Liu and Philip [30] trained
recurrent neural network (RNN) models using the ground-truth
PRI and pulsewidth (PW) from the training set so that the
PRIs of the test pulse sequences can be iteratively estimated
to improve RSS performance. Along the same line of thought,
Luo et al. [31] utilized the long short-term memory (LSTM)
models to handle the long-term temporal dependencies in radar
pulses for PRI estimation and pulse deinterleaving. However,
due to their reliance on iterative processes, these schemes
are fundamentally prone to cumulative estimation errors in
PRI estimation, rendering them less robust in the presence of
missing pulses and complex PRI modulations.

III. PROBLEM DESCRIPTION

In this article, we consider a scenario where the electronic
reconnaissance system receives an interleaved pulse stream
from M simultaneously active radars. These radars are indexed
as {r1, r2, . . . , rM}. Each radar operates with a single or multiple
modes, each employing a complex PRI modulation pattern
such as stagger, jitter, or agility. The reconnaissance system
measures parameters of each received pulse to obtain its
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PDWs, where sn = [tn, φn, ωn, αn, θn] represents the PDWs
of the nth received pulse, tn is the TOA of the nth received
pulse, φn is the radio frequency (RF) of the nth received
pulse, ωn is the PW of the nth received pulse, αn is the
pulse amplitude (PA) of the nth received pulse, and θn is
the direction of arrival (DOA) of the nth received pulse. In
congested electromagnetic environments with a multitude of
radar operating modes, the values of the PDW parameters
of different radars would be partially overlapped, and pulse
sequences are frequently fragmented due to missing pulses.
Because of missing pulses and partially overlapped PDWs,
the existing RSS scheme solely based on measured PDWs
could experience ambiguous and fragmented deinterleaved
sequences, which calls for a new RSS scheme [8], [9], [17],
[21], [22], [30]. In light of this, we introduce the virtual PRI-
assisted RSS scheme as presented in Section IV.2

IV. VIRTUAL PRI-ASSISTED RSS
In this section, we present the detailed design of the

proposed virtual PRI-assisted RSS scheme, which facilitates
effective RSS in scenarios with overlapped PDW parameters,
missing pulses, and complex PRI modulation. The proposed
scheme starts with a radar measurement preprocessing stage,
which extracts the virtual PRIs and assembles the obtained
virtual PRIs and the PDW parameters into a dual-input for-
mat. On top of the preprocessed data, the dual-path network
utilizes two specifically designed paths to extract complemen-
tary features from the dual-input format and produce two
label predictions for each fine-grained cluster. After that, an
adaptive threshold calibration module fuses the two path-
wise predictions of each fine-grained cluster to determine its
final emitter label assignment. Finally, the fine-grained clusters
assigned with the same emitter label are merged to generate
the final RSS results. In Section IV-A, we will elaborate on
the concept of virtual PRI and detail its extraction process. In
Section IV-B, we will present the proposed dual-path network.
In Section IV-C, we will discuss the training and the overall
inference workflow from raw pulses to final sorting results,
achieved by integrating the virtual PRI with the dual-path
network.

.A. Radar Measurement Preprocessing
This section presents the radar signal preprocessing stage,

which extracts virtual PRIs from PDW measurements and
prepares the input data of the dual-path network. First, we
introduce the definition of the virtual PRI and how it could
be obtained from PDW measurements using fine-grained clus-
tering. Then, we analyze the benefits of the proposed virtual
PRI. Finally, we discuss how to assemble the obtained virtual
PRIs and the PDW parameters into a dual-input format, which
serves as the input to the subsequent dual-path network.

2Our scheme is specifically designed for the challenging but frequently
encountered cases where pulses from different radars have partially overlapped
PDW parameters such that the received pulse stream cannot be correctly
deinterleaved by directly applying traditional clustering algorithms. For the
case when pulses from different radars are completely coincident in RF, PW,
and DOA parameters, we might need to utilize more discriminative intrapulse
features for effective RSS.

Fig. 1. Differences between the PRI span and the true PRI of a radar.

1) Virtual PRI Extraction: From Fig. 1, the true PRI is the
physical PRI of a radar emitter. In contrast, to characterize
the time separation between two pulses emitted by the same
radar, we introduce an idealized quantity termed the PRI span.
Specifically, for two pulses from the same radar with TOAs
tn and tn′ (tn′ > tn), the PRI span is defined as

τ
span
n→n′ =

X
i∈In→n′

τtrue
i = tn′ − tn (1)

where τspan
n→n′ denotes the PRI span between the nth pulse and

the n′th pulse, In→n′ denotes the index set of the consecutive
true PRIs between these two pulses, and τtrue

i denotes the
corresponding true PRI. From (1), it can be observed that the
PRI span τ

span
n→n′ offers two unique advantages. First, the value

of τspan
n→n′ will not be affected by missing pulses between the

nth pulse and the n′th pulse and thus serves as a valid and
faithful representation of the underlying PRI timing pattern.
Second, the PRI span τspan

n→n′ can be derived as long as we can
obtain the TOAs tn and tn′ of the nth and the n′th pulses from
the same radar, regardless of the underlying PRI modulation
pattern and without knowledge of the true PRIs between the
intermediate pulses.

Note that, in practical RSS scenarios, τ
span
n→n′ cannot be

directly obtained via the summation
P

i∈In→n′
τtrue

i as shown
in (1), since the underlying true PRIs τtrue

i and their index set
In→n′ are unknown from raw PDW measurements. Motivated
by the second equality in (1), we propose to estimate the
value of τspan

n→n′ through fine-grained clustering. Specifically, we
employ a fine-grained PDW clustering scheme to group pulses
into a number of clusters far larger than the actual number
of radars such that all pulses within each cluster originate
from the same emitter with high probability [38], [39], [40].
Then, within each cluster, we estimate the PRI span by taking
the TOA difference of two adjacent pulses (after ordering by
TOA), and define this estimate as the virtual PRI. For the kth
fine-grained cluster, the virtual PRI associated with the nth
pulse is computed as

τvirtual
k,n = tk,n+1 − tk,n (2)

where tk,n and tk,n+1 denote the TOAs of the nth and (n +
1)th pulses in the kth fine-grained cluster, respectively. From
the above discussions, the virtual PRI τvirtual

k,n could effectively
reflect the value of the PRI span as well as the underlying
PRI timing pattern. Hence, the statistical distribution of virtual
PRIs within a cluster is tightly linked to the underlying PRI
modulation pattern. This relationship enables the merging of

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on August 17,2026 at 11:30:54 UTC from IEEE Xplore.  Restrictions apply. 



WU et al.: VIRTUAL PRI-ASSISTED RADAR SIGNAL SORTING WITH A DUAL-PATH NETWORK 25259

the fine-grained clusters to derive the final sorting result, which
will be illustrated in Section IV-B.

To facilitate virtual PRI extraction, our fine-grained PDWs
clustering scheme sets the number of clusters to be far larger
than the actual number of radars. For instance, we use K = 100
clusters in our experimental scenario with 12 radars. It should
be emphasized that the optimal number of clusters to be
used is scenario-dependent and should be adjusted accord-
ing to the complexity of the environment.3 When compared
to traditional clustering schemes, our fine-grained clustering
scheme enhances intracluster purity, ensuring most pulses
in each cluster come from the same radar under the same
operating mode. Inspired by [24] and [26], when performing
fine-grained clustering, we only utilize a subset of PDW
parameters. Specifically, we exclude the TOA measurement
as it increases monotonically with pulse indices, which could
cause large separations between the pulses from the same
radar. Meanwhile, the PA measurement is also excluded due
to its susceptibility to environmental noise. Consequently,
clustering is performed using the vector ŝn = [φn, ωn, θn],
where ŝn denotes the vector of the PDW parameters of the nth
pulse, φn is the RF of the nth pulse, ωn is the PW of the nth
pulse utilized for fine-grained clustering, and θn is the DOA
of the nth pulse. This selective use of features enhances both
the stability and effectiveness of the clustering process for the
virtual PRI extraction. Our fine-grained clustering scheme can
be implemented using common clustering algorithms, such as
K-means [38], artificial bee colony K-means (ABC-K) [41],
and particle swarm optimization K-means (PSO-K) [42], [43].
Once the clustering algorithm terminates, the TOAs of the
pulses within the same cluster are used to obtain virtual PRIs
through the differential operation.

In order to characterize the time-domain variations in the
virtual PRIs, we further calculate the first-order differential
virtual PRI associated with the nth pulse as

∆τvirtual
k,n = τvirtual

k,n+1 − τ
virtual
k,n . (3)

2) Effectiveness of Virtual PRI: As outlined in Section IV-A,
our virtual PRIs are derived through fine-grained clustering. To
demonstrate the effectiveness of virtual PRIs under complex
PRI modulation and missing pulses conditions, we take the
pulses from the kth cluster as an example for illustration.
Specifically, the virtual PRI computation process can be rep-
resented by

τvirtual
k,n = tk,n+1 − tk,n =

X
i∈Îk,n

τtrue
i + ∆τ (4)

where τvirtual
k,n denotes the virtual PRI for the nth pulse in the

kth cluster. tk,n denotes the TOA of the nth pulse in the kth
cluster. Îk,n denotes the set of indices for the consecutive true
PRIs, which are from the same radar as the nth pulse of the
kth cluster within the interval [tk,n, tk,n+1]. τtrue

i denotes the ith
involved true PRI. It should be noted that, as shown in Fig. 2,
Îk,n should include indices of missing pulses and the pulses

3In scenarios where the number of radars is unknown, a density-based
clustering algorithm, such as DBSCAN, can be utilized initially to roughly
estimate the number of radars, thereby guiding the configuration of K.

from the same radar as the nth pulse but not assigned to the
kth cluster. ∆τ in (4) represents the interference term caused
by nearby pulses originating from different radars.

Since virtual PRI calculation relies directly on the clustering
results, we face two distinct cases: accurate cases, where
consecutive pulses originate from the same radar as shown
in Fig. 2(a) and (c), and inaccurate cases, where consecutive
pulses stem from different radars as shown in Fig. 2(b) and (d).
From Fig. 2, in the case of accurate clustering, the interference
term ∆τ = 0, and the derivation of the virtual PRI under the
fixed PRI involves the repetitive summation of identical true
PRIs, while the derivation of the virtual PRI under PRI jitter
modulation accumulates several true PRIs with varying values.
Since the virtual PRIs in both scenarios are derived from the
accumulation of true PRIs, the calculation of virtual PRIs
remains robust even under complex PRI modulation patterns.
As shown in Fig. 2, missing pulses only change the number
of true PRIs accumulated for virtual PRI extraction without
introducing spurious PRIs, and thus, the derived virtual PRI
still faithfully reflects the actual PRI modulation pattern.

From Fig. 2, in the cases of inaccurate clustering, the
obtained virtual PRI would deviate from the cumulative value
of true PRIs due to the nonzero interference term ∆τ. Although
this deviation might lead to degradation in RSS accuracy,
the fine-grained clustering method employed in Section IV-A
significantly reduces the probability that pulses from different
radars are assigned to the same cluster, which effectively limits
the occurrence of the inaccurate clustering cases. Moreover,
we leverage both stacked sequences and individual pulses to
extract the global temporal patterns and local pulse character-
istics embedded in the virtual PRIs, thereby fully exploiting
their complementary nature for more robust RSS. In summary,
when facing missing pulses and complex PRI modulations, our
virtual PRI-based scheme offers a more reliable surrogate for
the actual PRI patterns, enabling effective RSS.

3) Dual-Input Format: After obtaining the virtual PRIs, the
nth radar pulse in the kth cluster can be characterized by a
vector, i.e.,

pk,n =
�
tk,n, φk,n, ωk,n, αk,n, θk,n, τ

virtual
k,n ,∆τvirtual

k,n

�
(5)

where pk,n is an augmented version of the vector sn of PDW
parameters, τvirtual

k,n is the virtual PRI extracted for the nth pulse
in the kth cluster, and ∆τvirtual

k,n is the first-order differential
virtual PRI extracted for the nth pulse in the kth cluster. To
enable the subsequent dual-path network to extract features
from both pulse-sequence-level and single-pulse-level features,
we organize the pk,n’s associated with each fine-grained cluster
of pulses into two distinct input formats, which would be fed
into the two input paths of the dual-path network. The first
format, designed to capture the sequence-level features, stacks
the vectors pk,n associated with Nstack consecutive pulses into
the Nstack ∗ 7 input matrix, i.e.,

Pk,n,Nstack =
�
pk,n,pk,n+1, . . . ,pk,n+Nstack−1

�
(6)

where k, n, and Nstack denote the index of the fine-grained
cluster, the index of the corresponding pulse, and the number
of stacked-pulse vectors, respectively. This stacked represen-
tation preserves the temporal relationships between adjacent
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Fig. 2. Computational workflows of virtual PRIs under fixed PRI/PRI jitter scenarios. (a) and (b) Results for consecutive pulses from the same
radar versus different radars within the same cluster under fixed PRI scenarios. (c) and (d) Equivalent results under PRI jitter scenarios.

Fig. 3. Design of the dual-path network for RSS. When training and testing sets share consistent distributions, the first path ensures robustness
via stacked-pulse design; under distribution shifts, the second-path single-pulse processing with voting mechanisms improves generalization.

pulses, allowing the network to learn from pulse-sequence-
level patterns. The second format processes each individual
pulse vector pk,n independently, focusing on the distinctive
characteristics of single pulses. By simultaneously employing
these complementary representations, the dual-path network
can effectively leverage both the global sequence-level patterns
and the local pulse features for robust RSS.

.B. Dual-Path Network Design
To extract distinct RSS-related information from different

formats of the input, the dual-path network uses different
structural designs, as shown in Fig. 3. Each sample input
to the first path consists of the PDW- and PRI-related mea-
surements extracted from a sequence of consecutive pulses,
which facilitates the extraction of the time-varying patterns

among these measurements, i.e., the global features. Each
sample input to the second path is the measurement associated
with a single radar pulse. This path extracts the fine-grained
characteristics of individual pulses, i.e., the local features. The
adaptive threshold calibration module dynamically integrates
the outputs from both paths to produce the final reliable
prediction. The optimization loss function jointly guides the
learning of both paths. Sections IV-B1–IV-B4 elaborate on
each of these components and their synergistic interactions.
For more detailed input and output processes of these two
paths, see Fig. 3.

1) First Path: The first path extracts global features, i.e., the
time-varying patterns of the virtual PRIs and PDWs extracted
from the consecutive pulse sequences assigned to the same
fine-grained pulse cluster. Since these global features focus
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Fig. 4. Detailed structure of the adaptive attention module.

more on the overall distribution of the pulse sequence, they
provide robustness against noise. The first path comprises five
enhanced visual geometry group (VGG) blocks, adding an
adaptive attention module [44] and a residual structure [45]
to the original structure.

The structure of the enhanced block is shown in Fig. 3.
The first enhanced block accepts the Pn,k,Nstack as its input, and
subsequent enhanced blocks process the outputs of predecessor
blocks. Given that the enhanced blocks share the same network
structure, we denote the input of the enhanced block as x
to illustrate their detailed design. First, x is processed with
a convolution operation fconv(·) to extract features, followed
by a nonlinear transformation using the activation function
ReLU(·). Next, the max-pooling operation fmp(·) is applied to
downsample the extracted features. Finally, the adaptive atten-
tion module faa(·) is used to refine the downsampled feature
representation by emphasizing important parts, resulting in the
final output x̂. This process can be expressed as

x̂ = faa
�

fmp (ReLU (x + fconv (x)))
�
. (7)

Since the first path takes multiple consecutive pulses as a
single sample, its feature distribution is more complex than
that of a single pulse. Therefore, an adaptive attention module
is introduced to highlight RSS-related features in both channel
and spatial dimensions. The detailed structure of the adaptive
attention module is shown in Fig. 4. To extract features from
both the channel and spatial dimensions, the adaptive attention
module faa(·) includes an adaptive channel attention module
Mc(·) and an adaptive spatial attention module Ms(·). Let
xaa be the input to faa(·). It first passes through Mc(·) to
obtain Mc(xaa). Afterward, xaa is multiplied element-wise with
Mc(xaa) to produce x1, which is then input to Ms(·) to obtain
Ms(x1). Finally, x1 is multiplied element-wise with Ms(x1) to
generate the output x2. These operations inside the adaptive
attention module can be represented by

x2 = Ms

0@Mc (xaa) ⊗ xaa„ ƒ‚ …
x1

1A ⊗0@Mc (xaa) ⊗ xaa„ ƒ‚ …
x1

1A
„ ƒ‚ …

faa(xaa)

. (8)

The adaptive channel attention module Mc(·) is used to effi-
ciently extract a channel attention feature map by dynamically
weighting each channel to enhance important features and
suppress less relevant ones. The channel attention feature map
is obtained through pooling, down-sampling, and nonlinear
transformation on Mc(·) at the channel level. The operations

inside Mc(·) can be expressed as

Mc (xaa) = 2 fs
�

fbn
�

fmlp
�

fap (xaa)
�
+ fmlp

�
fmp (xaa)

���
(9)

where fs(·) is the sigmoid activation function, fbn(·) represents
the batch normalization (BN) layer, fmlp(·) represents the
multilayer perceptron (MLP), fap(·) is the average pooling
operation, and fmp(·) represents the max-pooling operation.
The scaling factor of 2 in (9) is directly related to the properties
of the sigmoid activation function. Since the sigmoid function
constrains its outputs to the range (0, 1), the subsequent
scaling of its output by 2 expands the effective operating
range of the attention weights to (0, 2). This enables the
adaptive attention module to perform both suppression (when
the weights fall between 0 and 1) and amplification (when the
weights fall between 1 and 2) of input features. This expanded
range enhances the model’s ability to adaptively emphasize
informative features while suppressing less relevant ones.

Besides the adaptive channel attention module, the adaptive
spatial attention module generates dynamic spatial attention
maps to extract channel-wise information for effective RSS.
As shown in Fig. 4, input x1 [from (8)] undergoes fmp(·) and
fap(·) for channel-wise dimensionality reduction. The reduced
features are processed by fconv(·) and fbn(·) to obtain spatial
weights and then nonlinearly transformed via fs(·) to produce
the spatial attention map. The module Ms(·) is expressed as

Ms (x1) = 2 fs
�

fbn
�

fconv
��

fap (x1) , fmp (x1)
����

. (10)

As shown in Fig. 3, the stacked measurements of Nstack

pulses, represented by Pk,n,Nstack , are fed into the first path to
yield a prediction ŷk,n,Nstack will be fused with the second-path
prediction in the adaptive threshold calibration module.

2) Second Path: Unlike the first path extracting global
features, the second path extracts local features, i.e., the
fine-grained characteristics of individual pulses. Consequently,
the second path utilizes individual pulse measurement pn,k

as input. Compared with the global features, local features
enable the network to capture subtle consistent characteristics
with different pulses under the same operating mode, further
improving the sorting performance.

Traditional convolutional neural networks (CNNs) struggle
with individual pulse features in the second path due to fixed
convolution parameters, which cannot adapt to feature distribu-
tion shifts from varying radar modes. Conversely, self-attention
dynamically weights features by importance, correcting shifts
and capturing critical local information. Thus, the second
path employs a self-attention module [46] followed by three
fully connected layers. The module transforms input x into
Qx = fQx

(x), Kx = fKx (x), and Vx = fVx (x) via linear
transformations. It computes similarity between Qx and Kx,
applies softmax normalization, and then weights Vx for final
representation

self-attention
�
Qx, Kx,Vx

�
= S o f tmax

 
QxKx

Tp
dKx

!
Vx (11)

where dKx is the dimension of Kx.
The second path iteratively processes pk,n

across Nstack pulses, generating Nstack predictions
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Fig. 5. Schematic of the threshold selection in the adaptive threshold calibration module. (a) Original feature distribution. (b) Distribution after
shifting a randomly selected portion of the data. (c) Results of the prediction of the shifted data using the dual paths. (d) Linear fitting of the
relationship between the NCSP and D1,n (or D2,n) for the dual paths. P is the intersection point of the fit lines for the dual paths, and the corresponding
distance is the calibration threshold D̄.

[ŷk,n, ŷk,n+1, . . . , ŷk,n+Nstack−1]. These outputs undergo voting to
produce a pulse-sorting result ŷk,n,vote.

Remark 1: In the proposed method, the dual-path network
is introduced to handle the complex relationship between the
training set and the test set, as illustrated in Fig. 3. The global
features extracted by the first path represent time-varying
patterns of virtual PRIs and PDWs from consecutive pulse
sequences. These patterns remain consistent when training and
test data distributions align, benefiting the model’s sorting
task. However, as the discrepancy between PRI/PDW patterns
in training and test sets increases, the global features mislead
sorting decisions, reducing overall accuracy. Conversely, the
second path extracts local features: fine-grained characteristics
of individual pulses. By avoiding time-varying patterns, this
path escapes the negative impact of global feature distribution
shifts. Meanwhile, the majority voting mechanism further
enhances the second-path generalization capability. Hence,
by leveraging both paths, the proposed approach enhances
robustness against distribution shifts. The first path effectively
captures PRI sequences when consistency is maintained, while
the second path provides an adaptive representation when
variations occur. To mitigate sorting errors and ensure reliable
performance across various training/test distributions, we will
present the calibration module design Section IV-B3, which
adaptively chooses between the two paths’ predictions based
on distribution shifts.

3) Adaptive Threshold Calibration Module: Two prediction
results ŷk,n,Nstack and ŷk,n,vote are generated from the dual-path
network. Given the complex feature distributions of different
radar pulses, it must be carefully determined which prediction
is more reliable to improve the number of correctly sorted
pulses (NCSP). The adaptive threshold calibration module is
designed to enable such a decision-making process. Specifi-
cally, this module takes the prediction ŷk,n,Nstack of the first path
as the final output if it is considered to be reliable. Otherwise,
the prediction ŷk,n,vote of the second path is used as the final
sorting result.

The reliability of the outputs of the two paths is determined
by quantifying the distribution shift between the training and
test sets, using the distances from the features of test samples
to the feature centers of the training set. Our approach has
two main considerations. On the one hand, the first path,
processing stacked-pulse sequences to extract global features,

is expected to maintain higher reliability under minor distri-
bution shifts since global features are inherently insensitive to
minor distribution shifts. On the other hand, the second path
leverages single-pulse features with voting and is expected to
be more reliable under significant distribution shifts. This is
because its voting mechanism can discard outliers and identify
the consensus among pulses, thereby providing robustness
even when the global features may be substantially altered. To
determine the reliability of the two prediction results ŷk,n,Nstack

and ŷk,n,vote, we define z1,n as the feature vector extracted by
the first path from Pk,n,Nstack , which is obtained as the output of
the abstract feature vector (AFV) layer of the first path, i.e.,

z1,n = fpath1

�
Pk,n,Nstack

�
(12)

where fpath1 (·) is the mapping of the first path. We employ the
distance from the extracted first-path AFV z1,n to the M radar-
wise feature vector centers (FVCs) C1 = {C1,1,C1,2, . . . ,C1,M}

to quantify the degree of the distribution shift in 3PRI/PDW
time-varying patterns between the training and test sets. Each
of the M radar-wise FVCs in C1 is derived from the training
set by averaging over all the extracted first-path AFVs z1,n
associated with the training pulse sequences of a specific radar,
i.e.,

C1,m =
1
K

KX
k=1

1
|Nm,k |

X
n∈Nm,k

z1,n, m = 1, 2, . . . ,M (13)

where Nm,k represents the set of pulse sequences associated
with the mth radar within the kth cluster. Based on these FVCs,
the distance D1,n associated with the nth test pulse sequence
and the first path can be expressed as

D1,n = min
m=1,2,...,M

‖z1,n − C1,m‖2, n = 1, 2, . . . ,N. (14)

The rationale behind our distribution shift quantification is
that, in the same feature space, the closer the AFVs of the
test samples are to the FVCs derived from the training set, the
smaller the feature distribution shift is.

With the obtained distribution shift quantification D1,n,
the calibration module employs a threshold D̄ to determine
whether the distribution shift in the first path is sufficiently
severe to resort to the second path for final prediction. Note
that the calibration module is introduced to improve the NCSP,
we propose to estimate the threshold D̄ by identifying the
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feature space distance where the NCSP of the second path
exceeds that of the first path. To facilitate the calculation of this
threshold, we calculate the feature space distance D2,n between
the second-path z2,n and the C2 by following procedures similar
to (13) and (14). Then, we attempt to determine the relation-
ships between D1,n (or D2,n) and the NCSP for both paths
by simulating a shifted test set distribution with randomly
selected samples from the training set. When simulating the
distribution shift in the test set, we add an offset to the selected
training samples in the feature spaces to ensure the inverse
correlation between the amount of distribution shift and the
NCSP is well captured. Once the NCSP of the shifted training
samples achieved by both paths is collected, we approximate
the relationship between D1,n (or D2,n) and the NCSP for
both paths via linear mapping and take the distance at the
intersection P as the threshold D̄ for prediction result selection.
The entire threshold selection process is shown in Fig. 5.
During the derivation of the calibration threshold D̄, the BN
layers in both paths normalize the extracted AFV to a distri-
bution with zero mean and unit variance during training. This
operation guarantees that the distance metrics D1,n and D2,n
maintain small values when the training and test distributions
remain consistent, while both exhibit significantly larger values
when a distribution shift occurs. This synchronized behavior
enables reliable calibration threshold selection, as now both
distance measures share common distributional characteristics
that make their comparison meaningful.

It should be noted that the true relationship between the fea-
ture space distance and the NCSP is likely nonlinear, making
the linear mapping a practical approximation. Furthermore,
when deployed in a new environment, D̄ can be efficiently
recalibrated offline using a small set of manually annotated
data. Currently, D̄ is determined empirically due to the lack
of a stable mathematical criterion for dynamic optimization.
While this fixed approach is highly effective, developing a
fully learnable thresholding mechanism remains a valuable
objective for future research.

4) Optimization Loss Function: The adaptive threshold cal-
ibration module computes each radar’s feature center as the
mean of AFV outputs from the first path. However, AFVs from
the same radar often disperse in feature space, rendering FVCs
ineffective for representing true distributions and degrading
module performance. To address this, we optimize the dual-
path network with a loss function concentrating same-class
AFVs while dispersing different classes. The optimization loss
combines classification, intraclass, and interclass losses, i.e.,

Ltotal = Lc + γLintra − βLinter (15)

where Lc is the cross-entropy loss, γ and β are the weight
parameters. The parameters γ and β are empirically set to
ensure that the three loss components remain within the same
order of magnitude, preventing any single objective from
dominating the gradient updates. The intraclass loss function
Lintra is introduced to reduce the mean distance between the
AFVs and the corresponding FVCs in (13), i.e.,

Lintra =
1
N

NX
n=1

‖z1,n − C1,yn‖2. (16)

The interclass loss function Linter is introduced to enlarge the
distances between the M FVCs of different radars, i.e.,

Linter =
1

M (M − 1)

MX
m=1

MX
i=1,i,m

‖C1,m − C1,i‖2. (17)

The second path is optimized using the same method applied
in (15), (16), and (17). Therefore, the feature and decision
boundaries are simultaneously optimized in the feature space
for better RSS.

.C. Overall Process
This section summarizes the workflow of the proposed

virtual PRI-assisted RSS scheme, including both the training
and inference stages. As a prerequisite for both stages, the raw
interleaved pulse stream undergoes the radar signal prepro-
cessing procedure as described in Section IV-A. This includes
fine-grained PDWs clustering to obtain high-purity pulse clus-
ters, the extraction of the virtual PRI for each pulse, and the
dual-input format reformulation of the pulse vector pk,n.

During the training stage, these dual-format inputs are
utilized to train the two input paths of the dual-path network,
aiming to maximize the prediction accuracy of each path inde-
pendently (as described in Section IV-B). During the inference
stage, an additional step is introduced where the adaptive
threshold calibration module selects the final predictions out-
put by the two paths. Specifically, the first path outputs a single
prediction result ŷk,n,Nstack based on the matrix Pk,n,Nstack of the
Nstack stacked-pulse vectors. In parallel, the second path pro-
cesses each individual pulse vector pk,n independently and gen-
erates Nstack individual predictions [ŷk,n, ŷk,n+1, . . . , ŷk,n+Nstack−1]
for these Nstack pulses. To align the dimension of the out-
puts from these two paths, the Nstack independent predictions
from the second path are aggregated through a soft voting
mechanism—specifically, by averaging their softmax probabil-
ity vectors and selecting the class with the maximum average
probability—to obtain the prediction ŷk,n,vote. The adaptive
threshold calibration module then selects the more reliable pre-
diction between ŷk,n,Nstack and ŷk,n,vote as the final result. Finally,
clusters sharing the same label are merged, effectively recon-
structing the complete pulse streams of each radar emitter.

V. EXPERIMENTAL SETTINGS

This section describes the setup for evaluating the proposed
method. We first introduce the radar signal simulation datasets.
Then, the benchmark schemes used in this article for RSS are
presented. Finally, the experimental setup is provided.

.A. Datasets Description
To verify our method’s effectiveness, two datasets are

simulated with [21], [24], and [37]. Parameters for both are
listed in Tables II and III. Dataset 1 evaluates the basic
performance of the proposed method. Dataset 2 simulates
real-world conditions with unknown radar modes to evaluate
the effectiveness of the proposed RSS scheme under complex
and challenging scenarios. Each radar mode contains 200 000
pulses; 10% are randomly dropped to simulate missing pulses.
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TABLE II
PARAMETER SETTINGS FOR EACH RADAR EMITTER IN DATASET 1

Specifically, the simulated pulse streams for each radar emitter
are generated independently based on their operating modes
and PRI modulation patterns. These individual streams are
then interleaved chronologically according to their TOAs to
simulate the receiving process. In our simulation setup, we
enforce an equal pulse count for each radar rather than restrict-
ing them to a unified observation time window. This design
is deliberately chosen to prevent the neural network from
overfitting to radar categories that would otherwise produce a
significantly larger number of pulses, which would inevitably
degrade the overall sorting performance. Training and test set
compositions for both datasets are described as follows.

Training Sets: In Dataset 1, the training set includes all
radar operating modes, with the detailed parameters provided
in Table II. In Dataset 2, the training set includes only the first
operating mode of each radar, with the detailed parameters
provided in Table III.

Test Sets: Simulating three test scenarios (TSs) per dataset
(Table IV) with operating modes labeled i–iv and a summary
row for total radar counts, we verify the proposed method’s
pulse-sorting performance under varying radar counts. Dataset
1 maintains consistent radar modes between training and test
sets, whereas Dataset 2 exhibits different modes during testing.
This difference causes unseen modes and feature distribution
mismatch in Dataset 2, posing greater generalization chal-
lenges and making RSS more demanding than in Dataset 1.

.B. Benchmark Schemes

To demonstrate the advantages of the proposed dual-path
network, we benchmark typical RSS task algorithms for per-
formance evaluation. Existing methods are detailed as follows.

FCNN: The fully connected neural network [47] used for
the RSS tasks is constructed with three fully connected layers,
where each fully connected layer is followed by a normaliza-
tion layer and an activation layer.

ResGCN-RSS: ResGCN-RSS [21] employs in a semi-
supervised manner for RSS tasks. It constructs radar signal
graphs via K-nearest neighbor (KNN) so that a three-layer
ResGCN can be used for adaptive feature learning and end-
to-end RSS implementation.

ABMR: The attention-based multiRNN [16] combines an
attention mechanism with multiple RNNs to capture the infor-
mation between pulses in complex scenarios for RSS.

SVM: Since the support vector machine (SVM) [48] can
handle high-dimensional data and extract nonlinear features,
we use the SVM with a polynomial kernel function as one of
the benchmarks for RSS.

RNN-FCNN: The RNN-FCNN [30] iteratively sorts radar
pulses by training on PRI/PW parameters, bidirectionally
predicting sequences from a starting pulse, and assigning
pulses to radars when predictions match measurements within
a threshold until completion.

LSTM-FCNN: Building on the iterative RSS approach of
RNN-FCNN [30], LSTM-FCNN [31] extends it by utilizing
more features (PRI, PW, RF, and DOA) and replacing the RNN
with an LSTM.

LPACD: The label propagation algorithm community detec-
tion [26] utilizes a limited penetration visibility graph to
characterize the relationships between different pulse measure-
ments. Based on the obtained graph, the label propagation
algorithm and the density peak clustering algorithm are used
to complete the signal sorting.

BLSTM: BLSTM [25] proposes a semantic segmentation
approach for RSS. Contrasting iterative methods, it processes
TOA differences and assigns semantic labels through sequence
modeling. A bidirectional LSTM captures forward/backward
correlations, enabling feature-agnostic radar separation.

.C. Experimental Setup
We use PyTorch as the implementation platform for all

the experiments. The dual-path network is trained using the
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TABLE III
PARAMETER SETTINGS FOR EACH RADAR EMITTER IN DATASET 2
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TABLE IV
COMPOSITION OF TRAINING AND TEST SETS IN THE TWO DATASETS

Fig. 6. Experimental results for obtaining the calibration threshold D̄.

Adam optimizer with a batch size of 128, an initial learning
rate of 0.0001, and a maximum number of iterations of 100.
To determine the calibration threshold, we randomly select
30% of the data from the training set to simulate test sets
with shifted feature distributions, and the calibration threshold
obtained is D̄ = 16.05, as shown in Fig. 6. During the training
process, γ and β in (15) are set to 0.01 and 0.001, respectively.

First, extensive experiments are conducted to evaluate the
performance of the proposed virtual PRI-assisted RSS scheme
in comparison to that of the benchmarks. Then, the benefits
of incorporating virtual PRIs in signal sorting are studied, and
the effect of fine-grained clustering with a different number
of clusters K is analyzed. Next, we conduct detailed ablation
experiments on each module of the dual-path network to
evaluate its effectiveness. Finally, the benefit of introducing
the adaptive threshold calibration module is investigated.

To ensure a fair and rigorous evaluation, all baseline meth-
ods and the proposed dual-path scheme were evaluated under
a strictly unified experimental protocol. First, all models were
trained and tested on the same raw datasets (Datasets 1 and 2).
Regarding the input features, we strictly adhered to the original
architectural designs of each baseline, providing them with
their optimal required inputs (e.g., specific subsets of PDWs
or full PDWs). It is worth noting that the virtual PRI feature
utilized by our method is dynamically extracted from the exact
same raw PDWs, ensuring that the performance comparison
reflects superior feature representation capabilities rather than
an unequal data advantage. Second, rather than relying on
default settings, the primary hyperparameters of all baseline
models were carefully fine-tuned on our specific datasets to
maximize their respective convergence and potential perfor-

mance. Finally, to provide a comprehensive and equitable
evaluation beyond mere sorting accuracy, we further assess the
models across multiple dimensions, including computational
complexity and real-time inference latency, which will be
detailed in Section VI-E.

VI. RESULTS AND ANALYSIS

.A. Comparison With Benchmarks

We apply our virtual PRI-assisted RSS scheme and the eight
benchmarks to the two datasets introduced in Section V-A.
To demonstrate that our RSS scheme is robust and does not
critically depend on the choice of a specific clustering algo-
rithm for the initial fine-grained clustering step, we use three
different clustering algorithms, K-means, ABC-K, and PSO-K
for virtual PRI extraction, and the corresponding schemes are
denoted as Dual-Path-K, Dual-Path-ABC and Dual-Path-PSO,
respectively. For each clustering algorithm, the number of clus-
ters is set to K = 100. The impact of K on RSS performance
will be studied in Section VI-C. The experimental results are
presented in Table V, for the two datasets, where the number in
the bracket indicates the number of radars. The experimental
results confirm the superior average sorting performance of
the proposed RSS scheme. All dual-path variants (K, ABC,
and PSO) surpass benchmarks in accuracy, demonstrating the
scheme’s flexibility across clustering algorithms for virtual
PRI extraction. As shown in Table V, RSS accuracy on Dataset
2 is lower than on Dataset 1 due to unseen radar modes
in the test set, causing distribution shift in PDWs and PRI
measurements. This higher variation in Dataset 2 amplifies
the generalization challenge.

Table V indicates that with the increasing number of
radars, RSS accuracy decreases on Dataset 1 but improves
on Dataset 2. This divergence occurs because, for Dataset 1,
more radars increase feature distribution overlap, complicating
radar distinction. Conversely, for Dataset 2, each radar exhibits
varying distribution shifts. Radars with smaller shifts are more
sortable, and since test scenarios randomly select radars, sce-
narios with more radars have a higher probability of containing
easily sortable radars—explaining the accuracy increase.

As shown in Table V, most of the eight benchmarks under-
perform on these two datasets. The ResGCN-RSS scheme
performs poorly because the KNN algorithm adopted is unable
to construct a graph representation to characterize the complex
relationships among the PDWs of numerous radar pulses.
The LSTM-FCNN and RNN-FCNN schemes are prone to
cumulative errors due to their iterative parameter estimation
and pulse deinterleaving. The LPACD method adopts an
unsupervised learning strategy that relies on feature distances
to construct the limited penetration visibility graph and merge
subcommunities, which limits its effectiveness in RSS tasks.
BLSTM’s sorting performance is limited by using only the
TOA differences as input. In contrast, the FCNN and ABMR
methods achieve high accuracy on Dataset 1 by effectively
learning discriminative features from the training set’s PDW
distribution, while their performance significantly drops on
Dataset 2 where the variations in radar operating modes cause
substantial shifts in PDW parameter distributions between the
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TABLE V
SIGNAL SORTING ACCURACY OF DIFFERENT METHODS ON DATASETS 1 AND 2. THE TEST SCENES ARE LABELED AS TSi (M), WHERE i IS THE

SCENE INDEX AND M IS THE NUMBER OF RADARS IN THE SCENE

Fig. 7. RSS accuracy comparison on Dataset 2 under different PRI
inputs, where the virtual PRI is replaced by: without PRI, ground-truth
PRI, and the estimated PRIs produced by the PRI estimation algorithms
embedded in CDIF, SDIF, and PRI transform (labeled as CDIF PRI, SDIF
PRI, and PRI transform, respectively).

training and test data. Since these two methods are primarily
optimized for the training dataset and lack specific mecha-
nisms to maintain robustness under distribution shifts, they are
expected to experience performance degradation on Dataset 2.

While the proposed framework demonstrates robust per-
formance under complex PRI modulations, missing pulses,
and unseen radar modes, realistic electromagnetic environ-
ments may also feature extreme spurious pulses and severe
measurement errors. Although the fine-grained clustering and
adaptive calibration module inherently provide a degree of
noise robustness, a systematic evaluation under these extreme
nonideal conditions remains a limitation of the current study
and will be a primary focus of our future research.

.B. Benefits of Using Virtual PRIs

To quantify the benefit of introducing the virtual PRI for
RSS, we conduct an ablation-style comparison on Dataset 2
by substituting the virtual PRI with different PRI alternatives
and evaluating the corresponding RSS accuracies, as shown
in Fig. 7. The alternatives include: without PRI, ground-truth
PRI, and the estimated PRIs produced by the PRI estima-
tion algorithms embedded in cumulative difference histogram
(CDIF) [8], sequential difference histogram (SDIF) [9], and
PRI transform [10]. The PRI estimation algorithm embedded
in CDIF estimates the PRI by constructing a CDIF from
multilevel TOA differences and identifying its highest peak as

Fig. 8. Accuracy of our fine-grained clustering scheme and the
sorting accuracy of our virtual PRI-assisted RSS scheme on Dataset
2 with different number of clusters K . In each subfigure, darker colors
represent higher values of the corresponding metrics. (a) Clustering
accuracy (%). (b) Sorting accuracy (%).

the estimated PRI. The PRI estimation algorithm embedded
in SDIF estimates the PRI by constructing an SDIF from
single-level TOA differences and identifying its highest peak
as the estimated PRI. The PRI estimation algorithm embedded
in the PRI transform estimates the PRI by constructing a
complex-weighted histogram from TOA differences and iden-
tifying its highest peak as the estimated PRI. Fig. 7 (using
K = 100 clustering) shows that all PRI methods surpass
non-PRI baselines by providing supplementary discrimina-
tion. Virtual PRI achieves accuracy closest to ground truth
due to robustness against modulation-induced PRI variations.
Traditional methods (SDIF/CDIF/PRI transform) fail with
complex modulations due to fixed PRI assumptions, while
virtual PRI—extracted via fine-grained clustering without
direct estimation—mitigates modulation-induced distortions,
demonstrating superior RSS adaptability.

.C. Effect of Fine-Grained Clustering With Different
Numbers of Clusters

To evaluate the impact of different numbers of clusters K on
the RSS accuracy, we design an experiment on Dataset 2 using
the dual-path network combined with the K-means algorithm,
where K is selected from [12, 24, 50, 100, 150]. The clustering
accuracy and sorting accuracy with different values of K for
the three test scenarios of Table IV are presented in Fig. 8.
The clustering accuracy evaluates the effectiveness of the
K-means clustering in the virtual PRI extraction step, and the
sorting accuracy represents the final sorting performance of
our virtual PRI-assisted RSS scheme.

Fig. 8 shows clustering and sorting accuracy increases with
K from 12 to 100 then saturates, justifying K = 100 for
virtual PRI extraction. Larger K better isolates radar modes
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Fig. 9. RSS accuracy for ablation experiments on two datasets. In each
subfigure, darker colors represent higher values of the corresponding
metrics.

into distinct clusters, enabling virtual PRIs to more accurately
represent actual PRI modulations. Beyond a sufficient K,
performance saturates as cluster separation cannot further
improve pattern representation, halting accuracy gains.

It is worth discussing that while adaptive cluster number
determination strategies (e.g., silhouette coefficient or gap
statistic) are popular in traditional machine learning, they
are not employed in our current preprocessing stage. This
is because our scheme explicitly requires intentional fine-
grained oversegmentation (K � M) rather than finding
the true number of emitters. Furthermore, for dense radar
pulse streams, computing these adaptive metrics across all
data points iteratively introduces nonnegligible computational
latency, making it difficult to meet the strict real-time process-
ing constraints required in practical electronic reconnaissance.
However, exploring lightweight adaptive mechanisms remains
a valuable direction for future applicability enhancements.

.D. Ablation Analysis of Dual-Path Network
We conduct ablation experiments to evaluate module contri-

butions in the proposed dual-path network, which comprises
five key components: “VGG” (base framework for the first
path), “A” (adaptive attention module added to VGG), “R”
(residual structure added to VGG), “SA” (second path with
self-attention and fully connected layers), and “OL” [optimiza-
tion loss function (15)]. Eleven experimental configurations
combining these modules are evaluated on both datasets. Fig. 9
presents the results, where expID denotes the experiment
identifier, TS indicates the test scenario, and Avg represents
the average accuracy across all test scenarios per dataset.

1) Effectiveness of Adaptive Attention Module: To study the
adaptive attention module’s effectiveness, we compare exper-
iments expID 1 (full modules) and expID 3 (excluding “A”).
Fig. 9 shows higher average accuracy with the “A” component,
demonstrating its benefit in the dual-path network’s first path
for improved feature selection. By emphasizing critical chan-
nel/spatial information while suppressing irrelevant features,
the module yields more representative features that enhance
sorting accuracy.

2) Effectiveness of Residual Structure: Comparing experi-
ments expID 1 (full modules) and expID 4 (excluding “R”)
demonstrates the residual structure’s effectiveness in VGG

Fig. 10. t-distributed stochastic neighbor embedding (t-SNE) visualiza-
tion of the AFVs for 4 radars in Dataset 2. By introducing the combined
optimization loss, the learned features in (b), i.e., expID 10, form more
compact and better-separated clusters when compared to the learned
features in (a), i.e., expID 9.

networks. Fig. 9 shows higher average accuracy with “R”
component, verifying its superiority. By preserving critical
features through identity mapping across layers, the structure
minimizes information loss and transformation degradation,
enabling distortion-free learning of intricate features for robust
RSS-related feature extraction and accuracy improvement.

3) Effectiveness of Introducing Second Path: Comparing
expID 5 (first-path only), expID 2 (second-path only), and
expID 1 (dual-path) demonstrates the second-path effective-
ness. Fig. 9 shows the first path outperforms the second by 7%
on Dataset 1 but underperforms by 1% on Dataset 2, while
dual-path achieves the highest accuracy on both datasets. This
verifies the second-path contribution to overall performance,
as its extracted local features capture pulse-wise PDW patterns
that identify pulse similarities, overcoming feature distribution
shifts from operating mode variations in Dataset 2.

4) Effectiveness of Combined Loss Function: To validate
the combined loss function (15), three experiments compare
models with/without “OL”: 1) first path (expID 10 versus 9);
2) second path (expID 2 versus 11); and 3) dual-path (expID
1 versus 6). Fig. 9 consistently shows higher accuracy with
“OL,” e.g., expID 1 gains 3%/1% over expID 6 on both
datasets. This stems from “OL” clustering the same radar
AFVs while separating different radar AFVs, yielding com-
pact distributions that clarify decision boundaries. Enhanced
noise robustness and uncertainty tolerance further boost sta-
bility. t-SNE visualizations in Fig. 10 confirm concentrated
radar-specific features under (15), directly improving RSS
performance.

.E. Computational Complexity and Runtime Analysis

To evaluate practical engineering feasibility, the compu-
tational complexity and runtime efficiency of the proposed
Dual-Path-K scheme are assessed against benchmarks in
Table VI. The evaluation metrics include the number of train-
able parameters (Params), the number of floating-point opera-
tions (FLOPs) required for a single forward pass of the neural
network, the average inference latency (Latency) required to
process each pulse, and the GPU memory (Memory) con-
sumption during inference. It should be noted that since SVM
and LPACD are traditional, nonneural network-based methods,
we only report their Latency. While lightweight models (e.g.,
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TABLE VI
COMPUTATIONAL COMPLEXITY AND RUNTIME ANALYSIS OF DIFFERENT

RSS METHODS

FCNN) exhibit extremely low latency, their simple structures
severely limit sorting accuracy under complex feature shifts;
conversely, heavy recurrent models (e.g., ABMR) introduce
excessive parameter overhead. Striking an optimal balance,
the proposed method maintains a moderate parameter scale
(597.15×103) and when evaluated on an NVIDIA RTX 4090
GPU, achieves an average inference latency of 0.6357 ms per
pulse alongside a memory consumption of 1384.84 MB. This
submillisecond latency is substantially faster than traditional
algorithmic approaches like LPACD (42.47 ms per pulse)
and fully satisfies the real-time signal processing constraints
required in practical electronic reconnaissance. Therefore, the
minor increase in computational overhead is a highly worth-
while trade-off for the significant improvements in sorting
accuracy, making the proposed scheme highly feasible for
actual hardware deployment.

VII. CONCLUSION

In this article, we have introduced the concept of virtual
PRIs to extract PRI-related information for effective RSS. To
ensure the tight connection between virtual PRI measurements
and the ground-truth PRIs, we have used a fine-grained PDW-
based clustering scheme with the number of clusters far larger
than the number of categories. This has ensured that pulses
within the same cluster are highly likely to originate from
the same operating mode of a specific radar, allowing the
virtual PRI to serve as a surrogate for the ground-truth PRI in
signal sorting. We then design a dual-path network to extract
RSS-related information from PDWs and virtual PRIs and
to address the overclustering issue by assigning an emitter
label to each fine-grained cluster and fusing clusters with the
same label for final RSS. The effectiveness of our virtual PRI-
assisted RSS scheme has been validated through extensive
experiments. Results show that our scheme facilitates robust
RSS under challenging conditions with complex PRI modula-
tions and missing pulses. Furthermore, the dual-path network
can maintain a certain degree of RSS capability even when
presented with unseen radar modes, by adaptively leveraging
the global and local features extracted from the dual paths.
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