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Abstract. This paper proposes an open-set radar emitter
individual identification algorithm based on semi-global
attention and inter-class multi-constraint to address the
problem of inadequately adaptive feature representation
and discrimination difficulty with out-of-distribution sam-
ples. By introducing semi-global attention mechanism
combined with dual-path convolutional neural network,
individual feature representation ability can be enhanced.
The mechanism combines semi-global geometric similarity
and learnable similarity. Through adaptively adjusting the
attention score and retaining long-distance feature associ-
ation, more accurate feature details and higher efficiency
can be obtained. Furthermore, inter-class multi-constraint
based loss function is presented in open-set scenario. By
constructing multiple loss functions to constrain the distri-
bution of known class samples in feature space, discrimi-
nated feature difference between known and unknown class
samples can be achieved. In addition, class-based adaptive
threshold selection strategy is proposed to achieve accu-
rate rejection of open-set samples. Experimental results
show that the proposed algorithm achieves identification
accuracy of 97.55% in closed-set radar emitter data. In
open-set scenarios, when maintaining a closed-set recogni-
tion rate of 91.78%, the rejection rate achieves 87.64%,
which represents the proposed algorithm can effectively
discriminate known individuals and unknown ones.
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1. Introduction

Specific emitter identification (SEI) is a technique
that extracts the "fingerprint features” of the emitter signal
and then uniquely identifies the emitter. SEI can effectively

DOI: 10.13164/re.2026.0147

distinguish the signals of different emitters, thereby provid-
ing key intelligence support for related fields, which is
highly significant for specific radar emitter individual iden-
tification research [1], [2]. This technique is widely studied
because of strong adaptability, high security, and relatively
low computational overhead [3-6].

Signal feature extraction and utilization is one key
portion. The primary objective of feature extraction is to
provide useful information for subsequent identification
tasks through linear or nonlinear transformations. Effective
features can not only fully represent emitter data but also
discriminate the differences between different emitter indi-
viduals.

Traditional feature extraction method can be mainly
divided into three classes, including the time-domain class,
the frequency-domain class and the transform class.
1) Time-domain class, such as the feature extraction of
rising edges, falling edges and envelope [7], UAMOP
(Unintentional Amplitude MOP) curve feature extraction
[8], UPMOP (Unintentional Phase MOP) curve feature
extraction [9], etc. 2) Frequency-domain class, such as fast
Fourier transform [10], power spectrum [11], bispectrum-
radon transform [12], high-order statistics [13], etc.
3) Transform class, such as empirical mode decomposition
(EMD) [14], variational mode decomposition (VMD) [15],
short-time Fourier transform [16], wavelet packet trans-
form [17], spectral quotient transform (SQ) [18], etc. Alt-
hough these feature extraction methods achieve good per-
formance, most of them suffer from some limitations. First,
part of the separable features may be lost during the pro-
cess, resulting in incomplete key discriminant information.
Second, the performance is highly dependent on the prior
knowledge and experience accumulation of domain experts
with radar emitter data. The dependence causes the meth-
ods to show significant limitations when confronted with
unknown or new emitter signals.

With the continuous development of deep learning in
the field of SEI, emitter individual identification methods
that utilize neural networks for feature extraction and iden-
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tification show significant advantages. Potential features
may be lost when radar emitter data is converted into im-
ages. Therefore, researchers generally extract subtle fea-
tures and perform identification on baseband signals [19],
[20]. For example, in [19], time-domain in-
phase/quadrature (1/Q) data are directly input into convolu-
tional neural network to identify emitter devices, then the
effectiveness of the approach is demonstrated through
theoretical analysis and experiments. To deal with long-
term dependency problem of network, one-dimensional
convolutional neural network (CNN) and long short-term
memory network (LSTM) are combined to directly extract
features from baseband 1/Q sequence data in [20]. Identifi-
cation performance can be enhanced by the algorithm,
which reduces the loss of signal features and model com-
plexity. However, the two methods mentioned still suffer
from insufficient feature extraction capability for emitter
individuals. The representation may be confused, which
results in extracting discriminative individual features
difficultly.

The need to resolve these representation ambiguities
has led to the adoption of attention mechanisms, which
offer a dynamic way to prioritize informative signal re-
gions. By integrating channel, spatial, or self-attention
modules, researchers can recalibrate the importance of
features in both time and frequency domains [21], [22].
This selective focus effectively amplifies the subtle, idio-
syncratic traits of emitters while suppressing redundant
noise, thereby overcoming the limitations of static extrac-
tion methods. In [23], channel attention mechanism is in-
troduced into a multi-scale CNN, which improves the accu-
racy of individual identification and reduces the training
time. In [24], channel and spatial attention mechanisms are
combined for individual identification of communication
emitters, demonstrating robust stability while significantly
improving identification accuracy. In order to obtain more
global features, self-attention mechanism and gated recur-
rent unit (GRU) are combined to extract comprehensive
features to increase the accuracy of individual identifica-
tion in [25]. In addition, to address the challenges of scarce
labeled data and changing environments in real-world
scenarios, related research are conducted in the fields of
few-shot learning, weakly supervised learning, domain
adaptation, and meta-learning on SEI [26 ,27, 28].

Despite the advancements in attention-based models,
translating these techniques into robust radar emitter identi-
fication remains hampered by several bottlenecks. 1) Lack
of comprehensive preprocess mechanism to align non-fixed
arrival time, pulse width and amplitude of radar emitter
data is a challenge, which increases the impact of such
factors on feature extraction. 2) The feature extraction
capability for emitter individuals is insufficient, which will
compromise identification performance. The features ex-
tracted by the attention mechanism under global weight
calculation are usually redundant and have high computa-
tional complexity. 3) In addition, most of existing algo-
rithms for radar emitter individual identification are based

on the assumption of closed-set scenario. These algorithms
often cannot adapt to open-set samples in actual tasks,
resulting in serious decision errors.

In recent years, a lot of research are conducted on the
open-set identification problem. However, there are few
studies in the field of radar emitter individual identification
[29]. OpenMax based extreme value theory is used to iden-
tify high-resolution radar range profiles in the work of
[30], which obtains a superior performance improvement
compared with traditional open-set identification model.
Subsequent research has focused on refining decision
boundaries and feature representation for better separation
between known and unknown classes. For instance, fixed
threshold classifiers and OpenMax classifiers are combined
to avoid overlap in feature space to improve the rate of
open-set specific emitter identification (OS-SEI) tasks in
[31]. The work of [32] presents an open-set identification
algorithm based on prototype networks and extreme value
theory to identify 1/Q signals for emitters, which can effec-
tively improve the rate of open-set identification. Auxiliary
classifiers are used in adversarial networks to generate
outlier samples, followed by the introduction of OpenMax
to obtain calibrated activation vectors. Thresholds are then
applied to class confidence scores to accomplish open-set
identification in the work of [2]. However, radar emitter
data based existing algorithms have limited loss functions
and unclear rejection threshold methods, which leads to the
aliasing of known and unknown class samples.

Based on the above discussion, this paper introduces
an open-set radar emitter individual identification algo-
rithm. By employing semi-global attention and inter-class
multi-constraint, the algorithm accurately identifies indi-
viduals of known classes while effectively rejecting indi-
viduals of unknown classes. The main contributions of this
work are as follows:

1) In order to solve the problem of incomplete radar
emitter data cleaning mechanism, data preprocessing meth-
od based on sample alignment is used to align the arrival
time, pulse width and amplitude of each sample. Semi-
global attention mechanism is introduced, which combines
the semi-global geometric similarity and learnable similari-
ty. By adaptively adjusting the attention score and retaining
long-distance feature associations, more accurate feature
details and higher computational efficiency can be ob-
tained. The algorithm demonstrates robust closed-set iden-
tification performance, which is further introduced into the
open-set identification issue in this paper.

2) Inter-class multi-constraint based loss function is
presented. By constructing multiple loss functions, namely
cross entropy loss, inter-class distance loss, intra-class dot
product loss and intra-class distance loss, the distribution
of known class samples in the feature space is constrained.
The correct classification of known classes is ensured and
the distribution of intra-class samples in feature space is
made more compact. Then space for open-set samples can
be reserved to reduce the overlapping of known and un-



RADIOENGINEERING, VOL. 35, NO. 1, APRIL 2026

149

known samples in the feature space. Moreover, class-based
adaptive threshold selection strategy is proposed. The
strategy selects the feature boundaries of each class based
on the classification scores of known class samples, and
then sets the open-set rejection threshold. Therefore, identi-
fication of known class samples and rejection of unknown
class samples can be achieved.

3) This paper conducts experiments based on radar
emitter data, which includes three individual radars, each
with four frequencies and two pulse widths. In the experi-
ments, analysis of the generalization capability cross-
frequency points is first conducted to explore boundary
capabilities, which is rarely discussed in existing literature.
Second, effectiveness of the proposed algorithm is verified
by conducting closed-set and open-set comparative exper-
iments with state-of-the-art identification algorithms. The
results show that the proposed algorithm has the best gen-
eralization performance and achieves the best identification
performance in closed-set scenario. Besides, the algorithm
can effectively identify known class individuals and reject
unknown class individuals in open-set scenario.

In the remainder of this paper, the illustration of the
proposed algorithm is first described in Sec. 2. In Sec. 3,
lots of comparative experiments are conducted to verify the
effectiveness of the algorithm in this paper. Finally, the
conclusions and future prospect of this paper are listed in
Sec. 4.

2. Construction of Radar Emitter
Individual Identification Model

The working principle diagram of the open-set radar
emitter individual identification algorithm proposed in this
paper is shown in Fig. 1. The algorithm is divided into two
phases: training phase and test phase. In the training phase,
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features from preprocessed samples are first extracted
through the semi-global attention mechanism. The
extracted features are highly discriminative, which can
solve the problem of insufficient sample feature representa-
tion. Second, the known samples are correctly identified
and the discrimination among known classes is improved
through a variety of loss functions. As a result, discrimi-
nated feature difference between known and unknown
class samples can be achieved, which is conducive to the
identification of unknown and known classes. Thereby the
classification risk of known samples and the open space
risk of unknown samples can be reduced. Finally, the fea-
ture boundary of each class is determined by the classifica-
tion scores of known samples based on the proposed class-
based adaptive threshold selection strategy, thereby estab-
lishing the open-set rejection threshold.

In the test phase, the test data is first preprocessed.
Second, the classification scores of test samples are calcu-
lated by loading the model parameters. Finally, the correct
identification of known class samples and the rejection of
open-set samples can be achieved by comparing the scores
with open-set rejection threshold. In terms of individual
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based on sample alignment. This method can eliminate the
impact of non-uniform signal distribution on subsequent
identification, ensuring the accuracy and reliability of the
identification process.

First, the received intermediate frequency signal can
be defined as xiq € R**N, N is the length of the signal, then
the amplitude of xiq can be expressed as

XshipingVaIue = \/Re(xiq) © Re(xiq) + II’n(xiq ) °© Im(xiq) (1)

where Re(:) denotes the real part of the signal, Im(-) repre-
sents the imaginary part and o denotes element-wise
product.

In order to obtain the effective pulse part and align
the time among samples, the double thresholds T, and T»
are set:

{Tl = ﬁlmean(xshipingValue) (2)

TZ = ﬂz mean(xshipingValue (el ))

where mean(-) is signal mean operation. The index of the
position in Xshipingvaiue that is greater than T; is recorded as
e1 = find(Xshipingvaiue > T1), Where find(-) means finding the
pulse position that meets the conditions. Specifically,
Xshipingvalue(€1) denotes the extraction of the values corre-
sponding to the index set e1 from Xsnipingvaie, Where f1 and
p» are weighing parameters.

Then, the pulse position selected by the double
threshold is recorded as e, = find(Xshipingvaive > T2). TO en-
sure the samples are aligned in time, ey(1)—L; and
ez(e) + L are used as the starting and ending points of the
selected intermediate frequency signal Xig, respectively,
where e represents the index of the last element in e,. Ac-
cordingly, Xigs can be expressed as

Xiqs = Xiq (Il) (3)

Preprocessed | |

—> > similarity

global
|
vector
extract |

where li=ex(1) — Ly,..., €2(e) + L. The offset
L1 = Mg Ts/Tg, which has pulse protection effect. In this
expression, Ts, Mg, Tq denote the sampling interval, the
proportional coefficient and the reference time, respectively.

Second, in order to adapt to the input of the deep
learning network, the pulse width of the sample Xiqs needs
to be processed so that the dimension of the sample re-
mains consistent. The real part Xrear_setlect and imaginary part
Ximag_select OF processed sample can be expressed as

Xrealiselect = Xiqsﬁreal (Iz)’ Ximagiselect = Xiqsfimag (Iz) ! Lz < Size(xiqsireal)
X =[x 0], x, =[x 0] ,L, >size(x

imag_select igs_imag ! igs_real )

(4)
where Ib=1,..., Lo, Xigs rear and Xigs_imag are the real and
imaginary parts of Xig, respectively. In this context,
Oe Rix(esizeiesrea)) denotes a zero vector, where size(:)
represents the length of the data. The parameterL, = Ny fs/fg,
where fs, fg, Ny represent the sampling rate, the reference
frequency and the proportional coefficient, respectively.

real_select igs _real ?

Fina“y, Xreal_select aﬂd Ximag_select are normalized
respectively and concatenated to get the preprocessed data
X, expressed as

x=[x IR

real_select

X /X

real_select ' “Nimag_select

X X

imag_select :|

®)

o o
real_select imag_select

where x € RY*M and the data length Ny = 2L,.

2.2 Semi-Global Attention Mechanism Based
Feature Extraction

Illustration of semi-global attention mechanism based
feature extraction is shown in Fig. 2. The framework main-
ly consists of two parts: a dual-path convolution layer and
a semi-global attention mechanism layer. The dual-path
convolution layer can extract multi-scale features and the
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Fig. 2.

Illustration of semi-global attention mechanism based feature extraction.
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semi-global attention mechanism layer can extract highly
discriminative individual features of radar emitters. First,
a multi-scale feature space is constructed through a dual-
path convolution layer. Then feature enhancement is
achieved using the semi-global attention mechanism. Final-
ly, individual identification can be performed through
extracted discriminative features.

2.2.1 Dual-Path Convolution Layer

The network contains two independent feature extrac-
tion paths which extract feature information from input
samples. Specifically, the first path employs smaller convo-
lution kernels combined with nonlinear activation func-
tions to extract local detail features. On the other path,
larger convolution kernels are used to extract features
which can enhance the robustness to noise and retain the
long-range features within samples.

First, the I-th convolution operation in the level-th
path is defined as follows

Flevel,l — XIevel,l ® Kernel level | + bK (6)

where level € {1,2} represents the first or second path. The
terms F'®l! and Kernel'®®!! represent the output features
and convolution kernels of the convolution layer in the
level-th path, respectively. Additionally, x'*¢"! is the input
of the I-th convolution layer in the level-th path, and bk
denotes the bias term of the corresponding convolution
kernel. Specifically, the dimensions of the output features
are given by Flevell g ROC®™!xLe™™ ~\yhere OClevel! ang
L' indicate the number of output channels and the
output length of the corresponding convolution layer, re-
spectively.

Second, the normalized features £ can be ob-
tained through batch normalization (BN) layer and activa-
tion function layer:

7k (F level | (h, m) _ E(F level| (h, m))) n ,Bk

F~ level,| (h| m) —c
[ JVar(F™ (h,m)) +

(@)
where h, m represent the m-th element of the h-th channel
in F'eell respectively. The variables »* and g* are the learn-
able parameters in the h-th channel, and & is a constant.
Additionally, E(-) and Var(-) represents the mean and vari-
ance, respectively, while o() is ReLU activation function.

The outputs of the two paths are x;= Ftendl
X2 = F2e92 \where x;, X, € RO¢*te, while OC and Lc repre-
sent the number of output channels and length, respective-
ly. Furthermore, end1 and end2 represent the last operation
in the corresponding path.

Finally, the two output vectors are directly fused
through element-wise product, the feature vector obtained
by dual-path convolution layer can be expressed as

E=X0X,. (8)

2.2.2 Semi-Global Attention Mechanism

The attention mechanism mainly includes two vari-
ants, global attention and local attention [33], [34]. Global
attention mechanism assigns weights to each output posi-
tion by focusing on all positions in the input sequence. The
approach can capture all information from input, but com-
putational complexity is prohibitively high. In contrast,
local attention mechanism such as channel attention only
focuses on a local window or sparse position in the input
sequence, which reduces computational complexity but
may lose global information.

In order to balance processing efficiency and feature
expression ability, this paper adopts semi-global attention
mechanism. The mechanism is a hybrid attention mecha-
nism of global attention and local attention. The core idea
of this mechanism is to divide the input features into blocks
according to rules and perform attention calculations with-
in each block, so that long-range feature associations are
captured and computational efficiency can be maintained.
The proposed algorithm uses semi-global geometric simi-
larity and learnable similarity functions as attention
weights to adaptively adjust the attention score and effec-
tively preserve long-distance feature associations.

The structure of the semi-global attention mechanism
is shown in Fig. 2. The output xr € RO¢*tc of the dual-
path convolutional layer undergoes three convolution oper-
ation to generate query features Q, dynamic bias features K
and value features V respectively, which can be expressed
as

g, = Conv, (x,")
k, = Conv, (XFt) ©)
v, = Conv, (x.")

where xr' represents the t-th column vector of xr, and
Conv(-) denotes the convolution operation. The matrices
Q, K,V e R°¢*e q, ki, vt € ROC is the channel-wise vector
of Q, K, Vin Lc dimension, t € Lc.

First, orthogonal vector group is defined as
M, e RP*OC where b represents the dimension parameter.
After projecting onto M, to obtain q't= Maq:, the index
corresponding to the maximum value in g% can be ex-
pressed as Index(q’) = argmax(q7). Along the Lc dimen-
sion, the s-th and r-th eigenvectors of Q are recorded as gs
and gr. Then, the set of eigenvectors gs with the same max-
imum projection position as g: can be expressed as Qx

Q. ={a, | Index(q;) = Index(q)} . (10)

Second, the index set & can be generated based on gs
that meets the above conditions of having the maximum
projection position. Then K, Vi can be expressed as

Kt = K:,E’

11
Vt = V:,é‘ ( )
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where Ky, Vi € ROC*L' and Lc! is the length of index set &.
The vector along dimension Lct in Ky, V; are denoted by
ks € Ky, vs € V, respectively.

Only the local feature similarity in Q;, K, V: need to
be calculated after division. As illustrated in Fig. 2, st(9:,0s)
and s; (ks) represents the geometric similarity score and the
learnable similarity score, respectively. They can be calcu-
lated as follows:

s;(Q,,0,) =, (12)
5 (k;) =W,o, W,k +b,) +b, (13)

where (-)T and oa(-) represent the transpose operation and
the one-dimensional adaptive activation function, respec-
tively. The matrices W; e R¢'<0C, W, e Ric'x L' are learn-
able weight coefficients, while b; e R, b, e R are
learnable offsets.

Then, by fusing and normalizing s:(q.,Qs) and s (ks),
the adaptively adjustable attention weight can be obtained:

S, = softmax(s; (q,9,) +5,(k;)) - (14)
Finally, the weighted sum of S; and V; are used to ob-

tain the enhanced feature representation, the feature vector
after the semi-global attention module can be expressed as

t_
XFa _ZQSEQ

exp (s, (0, 0,) +5(k,)) )
zq,eo‘ eXp(sf (qt’qr)+s|(ks)) .

(15)

2.2.3 One-Dimensional Adaptive Activation Function

In the training phase of neural networks, activation
functions play a critical role. Static activation functions
(such as Sigmoid, Tanh, ReLU) maintain fixed parameters
and shapes during training. The performance of even the
generally used ReLU is highly dependent on the specific
task and is not a universal solution for all datasets or net-
work architectures.

To enhance the flexibility of activation functions and
improve ability of generalization, this paper incorporates
a one-dimensional adaptive activation function, ARelLU
[35], into (13). AReLU dynamically adapts to different
tasks based on the complexity of input data, thereby help-
ing to avoid local minima, accelerate convergence. Then
the accuracy, efficiency, and generalization can be im-
proved. AReLU is a parameterized generalization of the
standard ReLU function. By introducing four learnable
parameters, it can adaptively adjust the activation slope and
threshold. The AReLU function ox(a,b,c,d,z) is defined as
follows

o,(a,b,c,d,z) =bReLU(az +c)+d (16)

where a,b,c,d represent four learnable parameters and z is
the input vector Wiks+ b;. Specifically, whena=1, b =1,
c=0, and d =0, AReLU degrades to the standard ReLU
function.

To better understand the internal mechanism, equa-
tion (16) can be divided into the internal linear equation
fin(a,c,z) and the external linear equation fe(b,d), which can
be expressed as

f.(a,c,z)=az+c,

17)
f (b,d) =bReLU(f, )+d

where fin(a,c,z) is the input to the ReLU function. Then
equation (16) can be rewritten as

o (ab,cd,z) = f, (b d)

(18)
=DbReLU(f, (a,c,z))+d.
According to above analysis, the adaptive activation
function AReLU only needs four parameters. The parame-
ter quantity and calculation amount can be negligible com-
pared with the whole network.

2.3 Inter-Class Multi-Constraint Based Loss
Function

Currently, there are few open-set identification algo-
rithms for radar emitter individual. Existing algorithms
have limited loss functions and unclear rejection threshold
methods, which leads to the entanglement of known and
unknown class samples in feature space, making unknown
class samples difficult to reject. To address the above prob-
lems, inter-class multi-constraint based loss function and
adaptive rejection threshold are presented in this section.
First, the total loss function can be calculated according to
the extracted feature vector, the cluster center vector and
data label information. Then, parameters are adjusted until
the model is fitted. The threshold range can be determined
based on the classification scores of known class samples
in the training set. Finally, known-class identification and
unknown-class rejection are performed simultaneously on
test samples.

2.3.1 Loss Function Construction for Open-Set Scenario

A radar emitter dataset of P samples with K known
classes is given as 24 = {(x1,y1), (X2,Y2), - .., (Xp,¥p),}, Where
yp € {1,....K} is the label of the known class.

In [36], each known class is distinguished from the
corresponding reciprocal point by combining Euclidean
distance and vector dot product. The algorithm can dis-
criminate the sample class and exhibit certain open-set
identification capability. However, the algorithm primarily
discriminates among samples from different classes, which
leads to entanglement between samples of different classes
and the inability to reserve space for unknown samples. In
addition, a large number of unknown samples usually ex-
ists in open scenario, which makes it difficult to effectively
limit the risk of open space by constraining the open space.
Therefore, to effectively measure the discrepancy between
extracted features and the cluster center vectors of corre-
sponding class, this paper proposes a distance metric inte-
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grating distance similarity reflected by Euclidean distance
and geometric similarity captured by vector dot product.

The metric d(xe, 72¥) between sample x and cluster
center vector is defined as

d(XFa'Pk) :de(XFaYPk)_dd(XFa”Pk)l

1
oc Ixe—P* ;. (19)
dd(XFa’Pk) = Xea P

de(XFa’Pk) =

where de(-) and dq(-) represent normalized Euclidean dis-
tance calculation and vector dot product calculation, re-
spectively. The vector P*e R°C represents the cluster
center vector of class k, k € K, while xg, € R°C is the ex-
tracted feature vectors of sample x. In order to ensure the
identification performance of known class samples, the
metric d(Xe.,, 2¥) is used as the classification score. The
scores of P samples can be recorded as lots € RP*X, where
each row represents the score of a sample for K cluster
center vectors.

The cross entropy loss £; is defined as

L =-log p(y =k | X Xg,, P),
79 (X P)

Py =KX, Xge, P) =5 (20)

Zeyd(xpaf’")
i=1

where y is a hyperparameter that controls the distance-
probability conversion, and p(y = k|X, Xr., ) represents

the normalized probability function of the correct identifi-
cation of the k-th class sample.

The score between each sample and the correspond-
ing cluster center vector is maximized by minimizing .£i.
The cluster center corresponding to the maximum score
represents the sample class, indicating that the cluster cen-
ter of corresponding class can reversely characterize sam-
ple x. Therefore, the score distribution between extracted
feature xg, and each known class cluster center vector de-
termines the sample class, enabling correct identification of
known class samples.

Furthermore, to reduce open space risk, this paper
further proposes three loss functions, inter-class distance
loss £, intra-class dot product loss £z, and intra-class
distance loss £z, which are defined as

K K 1 _ _ 2

£ =33 Ll -pil -0, (k7 -K),

e
=]

[3 :(XFaPk _Dz)zl (21)

1
£ =max( o, P -R0)

where D1, D, and R represent a fixed value, a learnable
parameter and a learnable boundary constraint, respectively.

The above three equations further constrain the distri-
bution of known class samples in the feature space from
three aspects, which reserves enough space for the distribu-
tion of unknown class samples by improving the feature
discriminability between known classes. The main function
of £ is to constrain the distance between the center of each
cluster. The main function of £; and £ serves to compact
the distribution of intra-class samples in the feature space
and reserves adequate space for unknown class samples.

Then the total loss function £ can be expressed as
Ly =L +0,L,+0,L,+0,L, (22)

where 01, 02, 03 are loss weight coefficients. Different con-
straint effects can be achieved by adjusting corresponding
parameters.

2.3.2 Class-based Adaptive Threshold Selection Strategy

In the open-set identification task, another core chal-
lenge is to set suitable thresholds for distinguishing be-
tween known and unknown classes. The selection of
thresholds needs to ensure both accurate identification of
known class samples and the ability to reject unknown
class samples. In addition, the occurrence probability of
unknown class samples in real scenario is uncertain, which
makes the open-set identification algorithm based on fixed
threshold comparison usually not applicable. Therefore,
this paper proposes an adaptive threshold selection strategy
based on known classes, which ensures the accuracy of
known class identification and quantitatively evaluates the
identification ability for unknown samples.

According to (19) and (20), this paper uses d(Xe., 2
as the score to classify known class samples. In the training
phase, the distribution of each cluster center and known
class sample in feature space is compact and separable after
model fitting. Therefore, the distance score can be used as
the threshold to reject unknown class samples. The criteri-
on for sample rejection is the distance between the sample
and the cluster center. Then the identification rate of the
known class and the rejection rate of the unknown class are
inversely proportional. The higher the identification rate of
the known class, the lower the rejection rate of the un-
known class will be. Balanced threshold should be selected
to improve the open-set rejection rate without compromis-
ing the closed-set identification rate. The selection process
of thresholds is shown in Algorithm 1, where the 5th and
95th percentile values were selected to ensure a closed-set
recognition rate of over 90 %.

In the test phase, the scores between each input sam-
ple and cluster center can be calculated by (19). The index
corresponding to the maximum score represents the pre-
dicted class, denoted as k. By comparing the maximum
score against the threshold range (T, T ena) cOrrespond-
ing to predicted class k, the identification result can be
obtained. If the maximum score falls within threshold
range, the sample will be identified as a known class and
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Algorithm 1 Class-based adaptive threshold selection strategy

Algorithm 3 Open-set identification test process

Input: Training set 22, model parameters.
Output: Class-based adaptive threshold range (T art, T¥end).
1: Apply (19) to obtain the model output scores lots.

2: Select the maximum value x, and the corresponding index denotes as
preds along the second dimension of lots = X, preds € R”*%, x; is the
maximum score combination, preds is predicted class.

3: scor«—{ } # scor is to store the scores corresponding to the
samples predicted as class k

4:fork=1,...K
5 u<«1

6: for j=1---,P

7 if preds(j) == k do

8 scor(k,u) < x, (k)
9 U<u+l

10:  end

11: end

12: Sort scor, . in ascending order along the second dimension

13:  Tun < the 5-th percentile value of scor(k,:)
14:  Tna < the 95-th percentile value of scor(k,:)
15: end

Input: Test sample X, pre-trained model and threshold range.
Output: Identification result.
1: Apply (1)—(6) to align each sample Xes.

2: The processed samples are input into the model and the
classification score distribution is recorded as lots.

3: Obtain the maximum value x, and the index k according to lots,
select the threshold range (T, TXeng) COrresponding to k.

4 if T < X1 < Toeng dO

5: identify as a known class and output the classification result k.
6: else

7:  reject as unknown

8:end

output class k. Otherwise, the sample is rejected as an un-
known class.

2.4 Open-Set Identification Training and
Testing Process
The training and test process of the proposed

algorithm are shown in Algorithm 2 and Algorithm 3. In
the training phase, the original radar emitter individual data

Algorithm 2 Open-set identification training process

Input: Radar emitter samples x;;. Randomly initialize parameter sets ©
and learning rate I..

Output: Model parameters and rejection threshold

1: Apply (1)—(6) to align each sample xiq, Obtain dataset Dy.
2: For each epoch:

3: Shuffle the dataset and divide it into E batches

4: Begin the batch loop:

5. Calculate features extracted by semi-global attention mechanism
according to (7)—(14).

6: Calculate loss function according to (22).
7. Obtain threshold range (T ar, T*eng) according to algorithm 1.

8: Calculate the stochastic gradient of each parameter in the
parameter set to update parameters according t0 © < © —I,-VgLo,

where VoL, is the stochastic gradient of the loss function.

9: End the batch loop.
10: End epoch loop

first preprocessed and a deep neural network is constructed
with parameters randomly initialized. Then the network
parameters are updated through back propagation. Finally,
the network parameters and the selected threshold range
are saved.

In the test phase, the same preprocessing operation is
performed on each test sample, then the pre-trained model
is loaded for feature extraction. If only individual identifi-
cation is performed in a closed-set scenario, the features
extracted by the semi-global attention mechanism are di-
rectly passed through GAP, FC, and SoftMax to obtain the
identification result. Otherwise, the distance measurement
between the test sample and the center of each cluster is
calculated, accurate identification of known classes and
rejection of unknown classes can be achieved based on the
preset threshold range.

3. Experimental Results

3.1 Dataset and Experimental Settings

In this section, individual identification experiments
are carried out based on radar emitter data, aiming to study
the robustness and generalization ability of proposed algo-
rithm. The parameters of the dataset are shown in Tab. 1.
The dataset contains three individual radars, recorded as
individual 1, individual 2 and individual 3. The pulse repe-
tition interval (PRI) for all is 20 us. The sampling rate is
uniformly 100 MHz. The pulse width of individual 1 and
individual 2 is 9.8 us and the pulse width of individual 3 is
8.7 us. Each radar is configured with four frequency points
of 15800, 15920, 16220 and 16340 MHz. The sample size
for each individual radar at each frequency point is 30,000.
For convenience of subsequent description, these four
frequency points are denoted as frequency point A, fre-
quency point B, frequency point C and frequency point D,
respectively.

In order to analyze the differences among different
individuals in the time-domain and frequency-domain, the
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time-frequency diagram and spectrum diagram of random
samples of three individuals at frequency point A and fre-
quency point B are shown in Fig. 3 and Fig. 4. The spectra
of different individuals at the same frequency point are
consistent, so that only the spectrum diagram of individu-
al 1 is shown in Fig. 3. It can be seen that although time-
domain waveforms at the same frequency point show dif-
ferences across different individuals, these differences are
insufficient to serve as discriminative features. Obviously,
the same individual at different frequencies shows different

time-domain waveforms, due to the different propagation
characteristics of electromagnetic waves at different fre-
quencies. It is necessary to divide the dataset into inde-
pendent data groups according to different frequency
points for separate individual identification experiments.
Moreover, the spectrums from frequency point A and fre-
quency point B exhibit differences under the same individ-
ual due to channelization process in the data processing
stage. In this condition, the difference can be used to verify
the generalization ability of the proposed algorithm.

Individual\Parameter Frequency point type (MHz) PW (us) PRI (us) Sampling rate (MHz) Sample size
Individual 1 15800/15920/16220/16340 9.8 20 100 30000
Individual 2 15800/15920/16220/16340 9.8 20 100 30000
Individual 3 15800/15920/16220/16340 8.7 20 100 30000

Tab. 1. Dataset parameters.
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Fig. 3. Time-domain and spectrum diagram of three individuals at frequency point A.
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Fig. 4. Time-domain and spectrum diagram of three individuals at frequency point B.

i 0.5
B2 0.6
Mg 10
Data preprocessing module
Ng 1000
Ty 0.01 ps
fy 100 MHz
Semi-global attention mechanism module b 128
D, 15
Loss function construction
01, 02, 03 0.1

Tab. 2. Model parameters setting.

In this experiment, the dataset is divided into four in-
dependent groups based on different frequency points.
Each group contains only three types of individual samples
at one frequency point. The sample size of each individual
at each frequency point is 30,000. Training set and test set
are randomly divided in a ratio of 8:2. The experimental
hardware platform is configured as NVIDIA RTX 4060,
which is implemented based on the Pytorch framework.
The network uses the Adam optimizer for training with
a batch size of 64. The weight decay coefficient is 1x107%,
the initial learning rate is set to 0.01, which is reduced by
0.1 times every 30 epochs during training. Other parame-
ters are shown in Tab. 2.
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3.2 Comparison of Different Feature
Extraction Algorithms

In order to evaluate the feature extraction capabilities
of different algorithms, this section conducts comparative
experiments with two algorithms, Intrinsic Mode Function
Distinct Native Attribute (IMF-DNA) [37] and bispectral
contour integral [38] on three individuals at each frequency
point. IMF-DNA is a feature extraction algorithm based on
time-frequency domain analysis. This approach extracts
fingerprint and fractal features from the intrinsic properties
of intrinsic mode functions, establishing a foundation for
subsequent multi-domain feature representation of individ-
uals. The feature extraction process is to expand the signal
into multiple IMFs in the frequency-domain and time-
domain, then the first three components are taken for ex-
traction. Bispectral contour integral is a feature extraction
algorithm based on the frequency domain. The algorithm
quantifies bispectral mean features along contour integrals
using an entropy-like function to characterize the subtle
differences between emitters. The feature extraction pro-
cess adopts Fisher class-separability to select optimal
bispectral contour integrals as the extracted feature. Obvi-
ously, segmentation process is applied to the preprocessed
data in both two traditional feature extraction algorithms.
In the experiment, traditional algorithms need manually
extraction of time-frequency features from preprocessed
I/Q data for model input, while the proposed algorithm
directly uses the raw preprocessed 1/Q data itself as input.
The results are shown in Tab. 3.

It can be seen that the identification results at four
frequency points, the average identification rate of pro-
posed algorithm reached 97.55%, which is 8.37% and
10.95% higher than the IMF-DNA algorithm and the
bispectral contour integral algorithm, respectively. Obvi-
ously, the identification performance of IMF-DNA is better
than that of bispectral contour integral. It is because IMF-
DNA retains more complete subtle features than bispectral
contour integral through multi-scale decomposition. Fur-
thermore, the proposed algorithm is superior to the two
traditional algorithms at different frequency points, espe-
cially at frequency point B, where the performance ad-
vantage is more obvious. IMF-DNA relies on EMD de-
composition, which is easy to cause modal aliasing,
resulting in a decrease in the quality of extracted features.
In addition, the segmentation process may affect the gener-
alization performance. The bispectral contour integral is
limited by the choice of integral path, which makes im-
proper paths significantly affect the discriminative ability
of the extracted features. In contrast, this paper uses the
preprocessed 1/Q signal as input, which abandons the limi-
tations of traditional feature extraction and learns highly
discriminative feature representation from the raw prepro-
cessed data. The algorithm can effectively avoid the infor-
mation loss problem caused by segmentation process,
thereby showing significant advantages in feature represen-
tation ability and identification performance.

Frequency type IMP-DNA conlilasupreiCnttrc;i I ral | Th€ Proposed
quency typ [37] r38] 9 algorithm
Frequency A 88.89 86.32 97.08
Frequency B 89.54 86.98 98.59
Frequency C 90.56 85.52 97.33
Frequency D 89.53 87.56 97.19
Average
identification rate 89.63 86.60 97.55

Tab. 3. Identification results of different feature extraction
algorithms (%).

3.3 Comparative Methods for Closed-Set and
Open-Set Identification

The comparison method for closed-set experiments
are as follows.

a) SVM: Linear support vector machines (SVMs) [39]
use linear hyperplanes to segment data and are suitable for
scenario where data in feature space is linearly separable.
Nonlinear SVMs [40] employ nonlinear kernel functions to
project data into a high-dimensional space. Then an opti-
mal classification hyperplane is constructed in the space to
achieve effective separation for data of different classes.

b) MSFKSPP [41]: MSFKSPP is a sparse-preserving
projection algorithm that extracts local detail information
through small-scale features and captures global contour
features through large-scale features. Then effective extrac-
tion of target features is achieved to identify individuals
based on the maximization criterion of inter-class separa-
bility in the reproducing kernel Hilbert space.

c) Stacked LSTM [42]: The stacked long short-term
memory (LSTM) network is composed of multiple layers
of classic LSTM units, each layer containing several
memory modules. The architecture can extract hierarchical
features in time series data and achieve the modeling of
long-term dependencies through a gating mechanism.

d) DE-CNN [43]: The algorithm is a convolutional
neural network framework based on demodulation embed-
ding, which can directly identify radar emitter individual
from the raw real signal. The algorithm enhances the iden-
tification ability of modulation features in complex elec-
tromagnetic environments by coupling signal demodulation
with deep feature learning.

e) DCA-BIGRU [44]: DCA-BIGRU integrates dual-
path convolution, attention mechanism and bidirectional
gated recurrent unit. The algorithm captures spatial features
through parallel convolution paths and combines attention-
weighted bidirectional time series modeling, significantly
improving the utilization efficiency of contextual infor-
mation in time series data.

The comparison method for experiments in the open-
set scenario are as follows.

a) SOFTMAX [45]: Hard threshold is introduced to
determine prediction confidence of the classifier. If the
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sample confidence is less than the threshold, the sample
will be judged as an unknown one.

b) Generalized Convolutional Prototype Learning
[46]: This algorithm is a convolutional prototype learning
(CPL) framework that uses prototype loss as a regulariza-
tion constraint to improve the intra-class compactness of
feature representation, thereby improving model perfor-
mance. This section adds a softmax module based on the
CPL to complete the open-set experiment.

c) Adversarial reciprocal point learning (ARPL) [36]:
ARPL proposes a learning framework based on reciprocal
points, which adopts adversarial edge constraints and ad-
versarial enhancement methods. Open space risks can be
reduced by restricting the distribution of reciprocal points
and generating diverse confusion samples.

3.4 Comparison of Existing Individual
Identification Algorithms

In order to verify the effectiveness of the individual
identification algorithm in this paper, this section designs
three experiments. The first experiment is a comparative
experiment of existing individual identification algorithms,
which is conducted on three individuals at each frequency
point. The second experiment is a comparative experiment
of various algorithms on different training sample sizes,
which is used to verify the impact of different training
sample sizes on the identification performance. The third
experiment is a generalization experiment at different fre-
guency points, which is used to analyze the generalization
ability of each algorithm.

In order to systematically compare the identification
performance of the proposed algorithm with existing algo-
rithms, this experiment conducted identification experi-
ments on three individuals at each frequency point, as
shown in Tab. 4. Compared with the three traditional clas-
sification algorithms, MSFKSPP shows significant perfor-
mance advantages, which indicates that the sparseness-
preserving projection algorithm proposed by MSFKSPP
has the multi-scale fusion kernel sparsity of data. However,
loss of available features in the classification process leads
to an average identification rate of only 89.21% for
MSFKSPP. The performance of nonlinear SVM is signifi-
cantly better than that of linear SVM. Linear SVM is lim-

ited by inherent characteristics of linear kernel function,
which is only applicable to ideal scenario where the feature
space is linearly separable. The data in the experiment
presents high-dimensional nonlinear distribution character-
istics in feature space, which enables the nonlinear SVM to
effectively construct complex decision boundaries. How-
ever, the nonlinear SVM is sensitive to the choice of kernel
function, especially dealing with time series data. The
nonlinear correlation features in data are difficult to be
extracted effectively, resulting in average identification
rate of only 83.75%.

Compared with three existing deep learning-based al-
gorithms, DCA-BIGRU has the best identification perfor-
mance. The result shows that DCA-BIGRU has good fea-
ture extraction ability for this time series data by
integrating dual-path convolution, attention mechanism and
bidirectional gated recurrent unit. DE-CNN has poor iden-
tification performance, indicating that the demodulation
layer of the network embedding is not suitable for this
dataset and performs poorly. Although stacked the average
identification rate of LSTM is 90.72%, which may be due
to the lack of explicit feature selection capabilities and
insufficient focus on key time steps. In summary, the pro-
posed algorithm shows the best identification performance
at each frequency point, which is 2.52% higher than DCA-
BIGRU algorithm. The results show that feature extraction
algorithm of the proposed semi-global attention mechanism
has significant advantages in feature extraction and identi-
fication and can more effectively utilize data features to
improve identification performance.

To present the identification of each individual in de-
tail, the confusion matrix of each algorithm is given under
the conditions of 20,000 training samples and frequency
point B, as shown in Fig.5. The three traditional algo-
rithms, including linear SVM, nonlinear SVM and MSFK-
SPP, show large differences in identification rates for each
individual, while the deep learning algorithms show rela-
tively balanced identification performance for each indi-
vidual. The proposed algorithm has the most balanced
identification effect on the three individuals and the rate of
three individuals is above 98%.

To evaluate the impact of different training sample
sizes on the identification performance of various
algorithms, the average identification rates of the above algo-

Frequency point type Linear SVM Nonlinear SVM MSFKSPP Stacked LSTM DE-CNN DCA-BIGRU The proposed

guency point typ [39] [40] [41] [42] [43] [44] algorithm
Frequency A 78.85 84.32 89.68 90.94 87.28 95.12 97.08
Frequency B 76.52 82.15 88.31 91.50 85.25 94.35 98.59
Frequency C 77.95 83.87 88.34 90.32 87.05 95.05 97.33
Frequency D 79.28 84.65 90.52 90.12 88.65 95.58 97.19

_ Average 78.15 83.75 89.21 90.72 87.06 95.03 97.55

identification rate

Tab. 4. ldentification results of different algorithms (%).
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Fig. 6. Average identification rates on different training

sample sizes.
Frequency | Frequency | Frequency | Frequency
Algorithm pointB — | pointB — | pointB — | pointB —
Frequency | Frequency | Frequency | Frequency
point A point B point C point D
Nonlinear
SVM 52.34 82.15 71.05 55.74
MSFKSPP 64.19 88.31 85.62 62.45
DCA-BIGRU 59.88 94.35 83.57 67.63
The proposed | g5 45 98.59 90.36 68.23
algorithm

Tab. 5. Generalization experiment at different frequency
points (%).

rithms are shown in Fig. 6. The training sample set sizes
used in the experiments are 1000, 2000, 5000, 10000,
15000, and 20000 at frequency point B. It can be seen that
the identification accuracy of these algorithms has been
improved with the increase in the number of training sam-
ples. Obviously, LSTM has the most obvious performance
improvement, indicating that LSTM is the most sensitive to
the reduction of the number of training samples. The per-
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formance of the proposed algorithm is the most stable,
reaching identification rate of 86.08% when the number of
training samples is 1000. It is clear that the proposed algo-
rithm achieves the best performance under various sample
numbers.

In addition, samples of other frequency types are dif-
ficult to process under training with a single frequency
point data group. Therefore, the generalization ability of
various algorithms for individual samples at different fre-
quencies can be verified by performing cross-frequency
generalization tests on individual samples at other frequen-
cy points. In order to evaluate the generalization perfor-
mance of each algorithm under frequency changes, this
section uses four algorithms, including nonlinear SVM,
MSFKSPP, DCA-BIGRU, and the proposed algorithm for
comparative experiments, as shown in Tab. 5. In the exper-
iment, identification model is constructed based on the
training set of three individuals at frequency point B. The
generalization rate in Tab. 5 represents the average proba-
bility that individual samples at frequency points different
from those used in training are correctly classified into the
corresponding categories.

The results show that the model trained on the sam-
ples of frequency point B has good generalization ability
for samples of frequency point C. The proposed algorithm
has the best generalization performance of 90.36%. The
generalization performance of nonlinear SVM, MSFKSPP,
and DCA-BIGRU are 71.05%, 85.62%, and 83.57%, re-
spectively, which possesses certain generalization ability.
However, the generalization rates of all algorithms are
relatively low for individuals of frequency points A and D.
It is because that the two specific frequency points of B
and C show consistent frequency deviations, while the
frequency deviations of other frequency points are signifi-
cantly different. Therefore, in terms of the generalization
performance for cross-frequency point samples, if the fre-
quency deviations are the same, the corresponding samples
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can be better identified. If the frequency deviations are
different, although the generalization of the proposed algo-
rithm is poor, it still shows the best generalization perfor-
mance. The generalization of different frequency devia-
tions cross-frequency points will be further studied in the
future.

3.5 Comparison of Open-Set Identification
Algorithms

In order to evaluate effectiveness of the proposed
open-set identification algorithm, this section conducts
open-set identification comparison experiments with exist-
ing algorithms. In the experiment, the closed-set samples
consist of individual 1 and individual 2, the samples of
individual 3 are used as open-set samples.

Based on the frequency point type, the training set
and test set are divided into four groups, as shown in
Tab. 6. For example, training set1 contains samples of
individual 1 and individual 2 at frequency A, with a sample
size of 10,000 each.

In the experiment, the trained models of each algo-
rithm are evaluated by using the test set. The closed-set

identification rate and open-set rejection rate are shown in
Tab. 7. The average open-set rejection rate of SOTFMAX
algorithm based on fixed confidence is only 66.78% under
five training sets. The limitations are as follows. First,
SOTFMAX algorithm does not incorporate the concept of
unknown and only designed to classify known class sam-
ples. As a result, the distributions of known classes in the
feature space will be overlapped and space for unknown-
class samples is not reserved appropriately. Second, the
linear decision boundary based on fixed confidence lacks
flexibility and cannot effectively adapt to the nonlinear
distribution characteristics of feature space, which causes
the confidence scores of some unknown class samples to
exceed the preset threshold. Finally, although lower confi-
dence threshold may improve the open-set rejection rate, it
will lead to decrease in the closed-set identification accura-
cy. Therefore, threshold setting needs to balance the open-
set rejection and closed-set rate, which is a complex pro-
cess to adjust parameters and lacks universality.

Comparing the two algorithms of CPL and ARPL, the
average open-set rejection rate of CPL is 76.64% is lower
than that of ARPL. It is because that the features of each
class are compressed into a single prototype point and the
distribution diversity of intra-class samples is ignored in

Training set Test set
Number Frequency type Individual class Sample size Frequency type Individual class Sample size
| Frequency point A Frequency point A The sample size of
il Frequency point B N Frequency point B Individual 1 _ individual 1 and
il Frequency point C Individual 1, 10.000 each Frequency point C individual 2. individual 2 is 2000,
individual 2 ' individual 3' and _the_sz_imple size
v Frequency point D Frequency point D of individual 3 is
20000
Tab. 6. Training set and test set for open-set experiments.
Dataset SOFTMAX [45] GCPL [46] ARPL [36] The proposed algorithm
known unknown known unknown known unknown known unknown
| 90.01 70.32 90.63 78.53 90.26 87.68 89.80 95.38
11 90.17 62.78 90.07 79.50 90.56 82.64 89.81 84.89
111 89.98 57.23 90.10 69.56 89.89 72.85 93.80 76.94
v 90.06 76.80 89.89 78.97 90.69 83.23 93.70 93.36
Average rejection and
iden%ific;tion rate 90.06 66.78 90.17 76.64 90.35 81.60 91.78 87.64

Tab. 7. Closed-set identification rate and open-set rejection rate of each algorithm (%).
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Fig. 7. Closed-set identification rate and open-set rejection rate of the two algorithms.
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CPL. This leads to excessive contraction of the intra-class
features, thereby unknown class samples are easy to fall
into the vicinity of known class prototypes. By contrast, the
advantage of ARPL lies in effectively reserving discrimi-
native space for unknown samples by pushing the feature
distributions of different class samples and adopting
a generative adversarial strategy to reduce the risk of open
space. However, ARPL still has some limitations. The
generated confusing samples are difficult to construct rea-
sonably, the rejection performance may be reduced due to
unreasonable generated samples. Moreover, the parameters
tuning process are relatively complicated. Compared with
above algorithms, the average rejection rate of the pro-
posed algorithm is 87.64%, representing the best perfor-
mance. The proposed algorithm constrains the feature
distribution of known class samples through inter-class
multi-constraint losses and uses learnable parameters to
leave a certain margin, which not only optimizes the identi-
fication performance of known class samples but also re-
serves appropriate space for unknown class samples. The
proposed class-based adaptive threshold selection strategy
abandons the fixed threshold strategy. The strategy not
only generates corresponding thresholds based on the dis-
tribution of known class samples, but also sets differentiat-
ed threshold intervals for each class by quantitative analy-
sis, leaving a large amount of threshold space for open-set
samples.

To illustrate the identification of known and unknown
individuals in detail, ARPL and the proposed algorithm are
compared in Fig. 7. The results show that the proposed
algorithm consistently achieves a higher open-set rejection
rate than ARPL across all training sets when the closed-set
accuracy reaches around 90%, which reflects superior
open-set identification performance.

3.6 Ablation Study

This section conducts ablation experiments by
removing or replacing different modules to evaluate the
contribution of each module in the proposed closed-set and
open-set algorithms.

Based on the closed-set algorithm proposed in this
paper, this experiment removes the sample alignment,
semi-global attention mechanism and dual-path convolu-
tion modules to conduct ablation experiments on three
individual samples at frequency point B. In this ablation
study, the selection combination of different modules and
identification results are shown in Tab. 8 and Fig. 8.

It can be seen that after removing the sample align-
ment module, the identification rate of the model is re-
duced to 86.57%, indicating that more complete data can
be obtained after the sample alignment module, which
greatly improves the identification rate and generalization
ability of the model. After changing the dual-path convolu-
tion layer to single-path convolution layer, the average
identification rate of the model is reduced by 2.35% to

Sample Dual-path Attention mechanism module
Number | alignment | convolutio Semi-global Spatial
module n module attention attention
a v v Y
: y v
: v Y
d v v v

Tab. 8. Selection and combination of different modules under
closed-set algorithm.
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Fig. 8. Average identification rate of different module

combinations.

96.24%. Compared with the single-path convolution, the
dual-path convolution can improve the feature representa-
tion ability of the model by extracting features from two
independent paths and combining high-level semantic
features with low-level detail features. When the semi-
global attention mechanism module becomes the spatial
attention mechanism [47], the average identification rate of
the model is reduced by 3.90% to 94.69%. The result indi-
cates that the semi-global attention mechanism not only
considers global information, but also combines local fea-
tures. Owing to the balance between global and local in-
formation, the model can better capture the key features of
the target class to improve the identification performance.

For the loss function based on inter-class multi-
constraints presented in this paper, this experiment adopts
different loss function combinations to conduct ablation
experiments on training and test set I in Tab. 6. In this abla-
tion study, the selection combination of different losses and
identification results is shown in Tab. 9 and Fig. 9.

It can be seen that when the inter-class distance loss
L5 is removed, the rejection rate of the model is reduced to
90.26%. When only the inter-class distance loss L3 is re-
moved, the rejection rate of the model is reduced to
91.87%. After removing the inter-class distance loss La,
the rejection rate of the model is reduced to 91.83%. Fur-
thermore, when all three losses are removed, the rejection
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Loss function
Cross Inter-class Intra-class Intra-class
Number | entropy loss | distance dot product distance
Ly loss £, loss L3 loss L4

a v v v y

b V v V

: V v y

d v v v

e V

Tab. 9. Selection and combination of different modules under
open-set algorithm.
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Fig.9. Average rejection rate of different module

combinations.

rate of the model is reduced to 78.10%. The results show
that the removal of £, £3 and £4 will lead to the decrease
of open-set rejection rate. Among these, inter-class dis-
tance loss £, demonstrates the most substantial impact on
open-set identification performance.

4. Conclusion

This paper proposes an open-set identification algo-
rithm for radar emitters based on semi-global attention and
inter-class multi-constraint. First, by introducing the semi-
global attention mechanism, the attention score is adaptive-
ly adjusted and long-distance feature associations are re-
tained. More accurate feature details and higher computa-
tional efficiency can be obtained. Second, inter-class multi-
constraint based loss function is presented. Multiple losses
are used to constrain the distribution of known class sam-
ples in the feature space, and the threshold is set based on
the mean score of known class samples. Finally, according
to the proposed class-based adaptive threshold selection
strategy, known-class identification and unknown-class
rejection can be performed simultaneously. Experimental
results show that the proposed algorithm exhibits strong
generalization performance for individual samples in
closed-set scenario, especially with same frequency offset.
Moreover, in open-set scenario the proposed algorithm can

effectively identify known class individuals and reject
unknown class individuals, which shows good perfor-
mance and high engineering practical value. Future work
will focus on exploring open-set individual identification
methods with higher interpretability and generalization to
different frequency offsets.
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