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Abstract:  This paper presents a new method for specific emitter identification (SEI) using the re-

parameterization  visual  geometry  group  (RepVGG)  neural  network  model  and  Gramian  angular

summation field (GASF). It converts in-phase and quadrature (IQ) signals into 2D feature maps,

retaining  both  time  and  frequency  domain  features.  Compared  to  residual  network  18-layer

(ResNet18)  and  Hilbert  transform methods,  this  approach  offers  higher  accuracy,  faster  training,

and a smaller model size, making it ideal for hardware deployment.
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 1    Introduction
Specific  emitter  identification  (SEI)  is  a  crucial

component  of  radar,  reconnaissance,  and  early

warning systems, as it provides the military with

precise  intelligence  regarding  adversary  radar

installations. Through the analysis of intercepted

electromagnetic  signals,  SEI  seeks  to  distinctly

identify individual radar radiation sources in sit-

uations where  all  platforms  and presumed  inter-

cepted  signal  parameters  are  analogous,  thereby

offering essential  intelligence  for  electronic   pro-

tection systems in military operations.

In  the  initial  specific  emitter  identification

tasks, methodologies  reliant  on  traditional   fea-

tures, such as pulse descriptors and pulse repeti-

tion interval (PRI), are typically employed. Nev-

ertheless, advancements  in  technology  have   ren-

dered  traditional  individual  recognition  methods

inadequate for  the  contemporary  intricate   elec-

tromagnetic environment,  resulting  in  the   emer-

gence of  many  novel  feature  computation   tech-

niques. The most recent types of features can be

broadly  classified  as  time-domain features,   fre-

quency-domain  features,  and  time-frequency-

domain features.  Concurrently,  machine learning

and  deep  learning  algorithms  have  progressively

emerged  as  standard  instruments  for  enhancing

categorization precision.

In Ref. [1], following the enhancement of the

signal-to-noise ratio  through  precise  time   align-

ment  and  coherent  integration  of  the  received

radar  pulses,  variable  mode  decomposition

(VMD) is employed to deconstruct the envelope

and instantaneous  frequency  of  the  received   sig-

nals into a collection of characteristics. The find-

ings indicate  that  the strategy enhances  the sig-

nal-to-noise  ratio  and the  precision  of  individual

identification.  A  structure  called  multi-scale

attention kernel (MSAK)  combined with convo-

lutional  neural  network  (CNN)  andlong  short-

term  memory  (LSTM)  networkis  proposed  in

Ref. [2]. The proposed model demonstrates satis-

factory accuracy  in  identifying  unknown   emit-

ters in  open  environments  and  exhibits   advan-
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tages  in  linear-to-noise  ratio  (SNR)  conditions.

Refs.  [3–6] have employed the envelope  informa-

tion of radar emissions to extract characteristics.

Subsequently,  the  envelope  characteristics  were

computed, including the rising edge, falling edge,

top  drop,  pulse  width,  higher-order  moments,

and more  features;  ultimately,  input  these   fea-

tures  into  a  classifier  to  facilitate  identification.

Ref.  [7]  developed  a  1D-CNN  model  with  two

convolutional  layers,  one  pooling  layer,  and  two

fully connected  layers,  utilizing  spectral   charac-

teristics as input data for SEI. Ref. [8] developed

a  1D-CNN model  utilizing  the  attention  mecha-

nism with raw time series inputs, achieving com-

mendable performance for SEI.

The previously stated SEI approaches utiliz-

ing deep learning used one-dimensional sequences

or  two-dimensional  frequency-domain  feature

maps as input, neglecting the time-domain char-

acteristics  of  the  signal  component.  This  study

presents the construction of the re-parameteriza-

tion  visual  geometry  group  (RepVGG)  neural

network  model.  The  in-phase  and  quadrature

(IQ)  signal  is  converted  into  a  two-dimensional

feature map using the  Gramian angular   summa-

tion  field  (GASF)  to  retain  both  temporal  and

frequency  domain  characteristics.  This  method

enhances the performance of the SEI.

 2    Basic Theory

 2.1    GASF
The  GASF is  a  technique  for  transforming  time

series  data  into  two-dimensional  representations.

The Gramian angular matrix is utilized to repre-

sent the dynamic features of the data in a static

image format.

The Gramian angular matrix is a symmetric

positive  definite  matrix  derived  from  the  inner

product of time series data. Each matrix element

denotes the cosine of the angle between the data

points  at  the  specified  time  point.  Mapping  the

components  of  the  Gramian  angular  matrix  to

the pixel values of the image results in the forma-

X = {x1, x2, · · · , xN}
tion  of  a  two-dimensional  Gramian  angle  field.

Given a time series   of length

N,  the first  step in constructing the GASF is  to

scale  the  data  to  the  interval  [–1,  1]  to  ensure

compatibility  with  cosine  encoding.  This  is

achieved  via  min-max scaling  followed  by  a   lin-

ear transformation[9]:

x̃i =
(xi −max(X) + (xi −min(X))

max(X)−min(X)
（1）

xi

x̃i

max(X) min(X)

X

where   represent the ith data point of the origi-

nal time series,   denoted the scaled data point,

  and    indicate  the  maximum  and

minimum  values  of  the  original  time  series 

respectively. The time series is expressed in polar

coordinates,  with  the  value  encoded  as  angular

cosine and the timestamp represented as radius.{
ϕ = arccos(x̃i), −1 ⩽ x̃i ⩽ 1, x̃i ∈ X̃

r =
ti
N

, ti ∈ N
（2）

ϕ r

ti

N

where   indicates the polar angle,   indicates the

polar  diameter,    indicates  the  timestamp,  and

 indicates the total length of the time series.

The  GASF  representation  emphasizes  long-

term  dependencies  and  global  structure  in  the

time  series,  as  each  entry  reflects  a  nonlinear

combination  of  two  time  points.  Moreover,

because  the  transformation  is  deterministic  and

invertible  (under  certain  conditions), it   pre-

serves essential characteristics of the original sig-

nal.  This  2D  representation  can  then  be  used

directly as input to image-based models.

 2.2    RepVGG
RepVGG employs an architecture similar to that

of  visual  geometry  group  (VGG),  characterized

by  its  plain  structure.  The  approach  employs  a

multi-branch model  during  training  and   subse-

quently transforms this model into a single path

model  for  inference.The  convolution  module  is

outlined as follows

y = x+ g(x) + f(x)

x g(x) f(x)where  ,  ,   correspond to constant map-

ping,  1×1 convolution  and  3×3 convolution
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respectively. During training, parallel 1×1 convo-

lutional branches and constant mapping branches

are  added  to  each  3×3 convolutional  layer  to

form a  RepVGG block.  The  multi-branch  struc-

ture is then transformed into a 3×3 one-way con-

volution  by  structural  reparameterization  in

inference  mode.  The  reparameterization  process

is illustrated by Fig. 1 [10].
 
 

3×3

＋

3×33×3

3×3

＋

3×3

BN parameters

Conv parameters

3×3

Perspective of parametersPerspective of structure

Conv layer

BN layer

A parameter

A zero parameter

Fig. 1    Structural re-parameterization[7]
 

 3    Specific  Emitter  Identification

Based  on  RepVGG  and  Gramian

Angular Field

GASF effectively maintains the temporal charac-

teristics of the data while producing a consistent

2D feature map for a specific time series, thereby

preventing  the  loss  of  feature  information.  The

creation of 2D feature maps imparts spatial char-

acteristics  to  the  data,  thereby  enhancing  the

recognition accuracy  of  the  network.   Further-

more,  GASF produces  2D feature  maps utilizing

minimal data, resulting in reduced costs for data

collection and storage, while also preventing sam-

ple overlap [11].

This  paper  utilizes  quadrature  IQ  signals

from  a  specific  radar  type.  The  IQ  signals,

referred to  as  isotropic  quadrature  signals,   con-

sist  of  I,  which  is  in-phase,  and  Q,  which  is

quadrature,  exhibiting  a  phase  difference  of  90°

from I. The IQ signal must first be modulated to

create  three  channels:  in-phase,  quadrature,  and

modulus. Wherein the modulus M is

M =
√

I2 +Q2 （3）

Fig. 2  illustrates  the  conversion  of  three-

channel data into three feature maps, each mea-

suring  256×128,  through the  use  of  GASF.  It  is

then spliced into a tensor of dimensions 3×256×

128 along the channel direction.

The spliced tensor is input into the RepVGG

convolutional layer, and the specific emitter iden-

tification process is illustrated in Fig. 3.

 4    Experimental  Results  and  Analy-

sis

 4.1    Gramian Angular Summation Field
This article  presents  signals  from  10 radar   tar-

gets,  each  comprising  3 000 samples.  This

research  presents  a  dataset  of  30 000 randomly

disturbed  pieces,  divided  into  three  categories:

training set, validation set, and test set, with the

following ratio among the categories: 7:2:1. Each

target has 2 100 pieces of data in the training set,

600 pieces  of  data  in  the  validation  set,  and
 

(a) (b) (c)

Fig. 2    2D feature maps of each channel after GASF: (a)in-phase;(b)quadrature;(c)model
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300 pieces of data in the test set. The particular

components of the dataset are presented in Tab. 1.
 
 

Tab. 1  Component of dataset
 

Target Training set Validation set Test set

Target1 2 100 600 300

Target2 2 100 600 300

Target3 2 100 600 300

Target4 2 100 600 300

Target5 2 100 600 300

Target6 2 100 600 300

Target7 2 100 600 300

Target8 2 100 600 300

Target9 2 100 600 300

Target10 2 100 600 300
 

 4.2    Comparison Experiment
This  research  use  residual  network  18-layer

(ResNet18) as  the  neural  network  model  for

comparison  and  utilizes  the  standard  Hilbert

transform  for  two-dimensional  feature  map

extraction for comparison purposes.　ResNet18 is

a prominent neural network model, and its input

dimensions align with those of RepVGG, render-

ing  it  suitable  as  a  control  group.  This  paper

employs  RepVGG-A0 and  ResNet18 as  neural

networks,  while  GASF  and  Hilbert  transform

serve  as  data  enhancement  techniques,  resulting

in four experimental groups formed by their pair-

wise combinations.

The identical training parameters and equip-

ment were utilized on all four occasions. The par-

ticulars are  as  follows:  The  learning  rate   under-

goes  exponential  decay,  commencing  at  0.001

with a decay rate of 0.95, the Adam optimizer is

employed;  the  batch  size  is  32,  and  the  total

number  of  iterations  is  30.  The  training  process

was  expedited  by  thegraphics  processing  unit

(GPU),  utilizing  an  computer  withadvanced

micro  devices  (AMD)  Ryzen  75800H,  16 GB  of

random access memory (RAM) and an NVIDIA

RTX 3060.

During  the  model's  training  phase,  an  early

stopping mechanism is employed to prevent over-

fitting. Specifically,  a  flag  is  activated  to   termi-

nate  training  prematurely  if  the  validation  loss

increases  for  three  consecutive  epochs.  This

threshold  of  three  consecutive  increases  was

selected  based  on  a  balance  between  sensitivity

to overfitting  and  robustness  to  minor   fluctua-
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GASF
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Conv1
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……
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Conv2
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Output
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parameterization

Three channel 2D feature map Three channel 2D feature map

Fig. 3    Process of specific emitter identification
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tions in validation loss. A smaller threshold (e.g.,
two)  might  halt  training  too  early  due  to
stochastic  variations  during  training,  while  a
larger  threshold  (e.g.,  four  or  five)  could  allow
excessive  overfitting  before  intervention.Upon
triggering  the  stopping  criterion,  the  model
weights  from  the  first  of  the  three  consecutive
sessions are preserved as the final trained model.
The experimental results are presented in Tab. 2.
  

Tab. 2  Experiment’s results
 

Method
Accuracy

(%)

Training

time (s)

Model

size (MB)

RepVGG-A0 + GASF 98.08 3 934 30.1

ResNet18 + GASF 98.07 4 832 53.4

RepVGG-A0 + Hilbert 96.88 3 945 30.1

ResNet18 + Hilbert 97.16 4 481 53.4
 

Tab.  2  indicates  that  the  accuracies  of  all

approaches employing GASF surpass those utiliz-

ing  the  Hilbert  transform.  The  RepVGG-A0  +

GASF  technique  exhibits  the  highest  accuracy,

the  accuracy  of  ResNet18  +  GASF,  although

comparable to RepVGG-A0 + GASF, is notably

inferior  for  model  inference time and size. Fig. 4

illustrates  the  accuracy  variation  curves  for  the

training and validation sets of the experiment.

Fig. 4 illustrates that RepVGG-A0 + GASF

exhibits  a  more  rapid  convergence  compared  to

the other three approaches.All four strategies can

attain approximately 100% accuracy in the train-

ing  set.  The  validation  set  exhibits  significant

fluctuations  following  the  convergence  of

ResNet18 + GASF, accompanied by a little over-

fitting  phenomena.  In  comparison  to  the  other

three approaches, RepVGG-A0 + GASF exhibits

faster  convergence,  more  stability  post-conver-

gence, superior  accuracy,  and  a  reduced   ten-

dency for overfitting.

Fig. 5  illustrates  that  the  network  using

RepVGG-A0 combined  with  the  Hilbert  method

easily  confuses  target  H and target  B.  A similar

confusion between target H and target B can also

be  observed  in  the  ResNet18 combined  with  the

Hilbert  method.  However,  when  using  GASF,

neither  method exhibits  confusion between these

two targets,  and  each  target  maintains  a   rela-

tively high accuracy. This demonstrates that the

GASF method  can  better  distinguish  the   fea-

tures  of  IQ  signals  compared  to  the  Hilbert

method.

 5    Conclusion

This paper  proposes  a  method  for  specific   emit-

ter  identification based on RepVGG and GASF.

The  method  integrates  RepVGG  and  GASF  to

extract  IQ signal  properties  in three dimensions:

In-phase,  Quadrature,  and  Modul.  The  intricate

characteristics  of  IQ  signals  are  integrated  to

derive  state  vectors.  In  comparison  to  the

ResNet18 network  and  the  Hilbert  transform

approach, the experimental findings indicate that

the suggested method exhibits superior accuracy,

reduced training time,  and a smaller  model  size,

rendering it more appropriate for deployment on

hardware platforms.
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Fig. 4    Accuracy variation curve: (a)training set; (b)validation set
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