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Abstract:  

This paper proposes a new method for classifying and recognizing intra-pulse modula-

tion radar signals based on the I/Q channel and convolutional neural networks. The 

method is structured into two main stages. In the first stage, features of the received 

signal, such as linear frequency modulation, Costas and polyphase codes, are deter-

mined using the I/Q channel. A deep learning network is designed for signal recognition 

in the second stage. The proposed method is evaluated using simulated signals in 

a MATLAB environment. The results show that, compared to the existing methods, it 

reduces training time and provides a higher average accuracy compared with classic 

method, making it suitable for hardware implementation.  

Keywords:  
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1 Introduction 

In the context of modern warfare, passive surveillance systems (PSS) have become 
increasingly significant due to their ability to operate without emitting signals, thus 
enhancing operational stealth compared to traditional active radars [1]. The primary 
function of PSS is to detect and classify electromagnetic sources, supporting the crea-
tion of an electronic order of battle. This is achieved by intercepting signals and 
estimating critical parameters such as carrier frequency, pulse width, pulse repetition 
interval, and modulation type [2]. 

Earlier generations of PSS lacked automated intra-pulse modulation analysis and 
relied heavily on operator expertise, which posed practical deployment challenges 
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[3, 4]. While current methodologies employed in PSS include the fast Fourier trans-
form (FFT) [5], autocorrelation receivers [6], and frequency discriminators [7], recent 
advancements have focused on artificial intelligence (AI). Several AI-based tech-
niques have emerged to recognize intra-pulse modulated radar signals with higher 
accuracy. For instance, Zhiyu Qu proposed a hybrid method combining convolutional 
neural networks (CNN) with deep Q-learning, utilizing Cohenʼs class time-frequency 
distributions (CTFD) to extract time-frequency images, achieving recognition accura-
cy exceeding 94 % even at low signal-to-noise ratios (SNR = −6 dB) [8]. Jingjing Cai 
developed a contrastive learning approach combined with the Choi-Williams distribu-
tion (CWD), achieving a recognition accuracy of 90 % at low SNR = −8 dB [9]. 
Another notable approach integrated CTFD with DGDNet (Deep Gradient Descent 
Network) to recognize 12 different modulated radar signals, demonstrating an accura-
cy of 98.2 % at Signal-to-Noise Ratio SNR = −8 dB [10]. The most recent technique 
involves supervised contrastive learning, which achieves comparable accuracy to other 
methods while requiring only 50 % of the number of samples [11]. 

Generally, these methods employ time-frequency techniques to extract features 
prior to feeding them into neural networks for recognition, which increases processing 
time and poses challenges for hardware implementation. Additionally, these methods 
primarily emphasize performance metrics without considering training time and real-
time hardware deployment.  

To address the above limitations, this paper proposes a novel automatic signal 
recognition approach suitable for hardware implementation. This paper is structured as 
follows: the data acquisition model is presented in Section 2, the theoretical back-
ground of the proposed method is described in Section 3, and the simulation and 
experimental results are provided in Section 4. 

2 Received Signal Model 

In normal PSS operation, the received signal contains both target echoes and interfer-
ence [12]. The received signal is defined by (1). 

 ( ) ( ) ( )rs t s t n t= +  (1) 

where ( )rs t  is the received signal, ( )s t  is the echo signal from the source and ( )n t  is 
the White Gaussian noise. The echo signal is written by (2): 

 ( ) ( )( )j 2π ce
f t t

s t A
φ+=  (2) 

where A is the amplitude, fc is the carrier frequency and ϕ(t) is the phase function, 
which is employed to characterize the intra-pulse modulation. 

Intra-pulse modulated radar signals include two main categories: frequency and 
phase. In this paper, we investigate seven types of intra-pulse modulation signals, 
including a simple radar pulse, LFM (Linear Frequency Modulation), Costas and pol-
yphase codes (Barker, Frank, P, and Zadoff-Chu). An example of an LFM signal and 
its amplitude spectrum are shown in Fig. 1. 

2.1 Radar Pulse 

The first waveform used in radar systems is unmodulated pulse (radar pulse), in 
which the amplitude, frequency and phase remain constant. The radar pulse is de-
scribed by (3).  
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where A is the amplitude, fc is the carrier frequency, Top is the pulse repetition interval 
(PRI), τ is the pulse width, TM is the pulse off-time, φ is the phase, and i the pulse 
index.  

a) b) 
Fig. 1 Echo transmitted signal: a) time domain; b) frequency domain 

2.2 Linear Frequency Modulation Radar Signal 

LFM signal, also known as chirp signal, is characterized by carrier frequency that 
varies linearly over the pulse width. The LFM signal is typically expressed by (4). 
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where k = BW/ti is the chirp rate and BW is the frequency bandwidth. 

2.3 Costas Frequency Coding 

Costas frequency coding is widely used in modern radar systems. It maintains constant 
amplitude and phase while the carrier frequency changes over time according to 
a Costas code sequence. The general form of Costas signals is given by (5). 

 ( ) ( )c op op

op op

exp j 2π   ,  

0 ,   
n i

i i M

A f t t iT iT t
s t

t iT t iT t T

ϕ    + ∈ +   = 
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 (5) 

where cn
f is the carrier frequency of n-th subpulse in the Costas sequence, and typical 

Costas codes are listed in Tab. 1. 
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Tab. 1 Common Costas codes 

Code length Code form 

Costas 3 1 3 2 

Costas 4 1 2 4 3 

Costas 5 2 1 5 3 4 

Costas 6 1 3 2 6 4 5 

Costas 8 2 6 3 8 7 5 1 4 

Costas 9 1 3 2 7 4 9 8 6 5 

2.4 Binary Phase Shift Keying  

In practical radar systems, especially airborne radar, BPSK signals are widely used. 
These signals have constant amplitude and carrier frequency, while only the phase 
changes. The general BPSK signal is given by (6). 

 ( ) ( )cexp j 2π ,  

0 ,  

k op op i

op i op i M

A f t t iT iT t
s t

t iT t iT t T

ψ   + ∆ ∈ +    = 
 ∈ + + +  

 (6) 

where kψ∆  is the phase of each subpulse and 0° for symbol +1 and 180° for symbol 
−1. Common BPSK signals include Barker codes, as listed in Tab. 2.  

Tab. 2 Common Barker codes 

Code length  Code forms 

Barker 5 +1 +1 +1 −1 +1 

Barker 7 +1 +1 +1 −1 −1 +1 −1 

Barker 11 +1 +1 +1 −1 −1 −1 +1 −1 −1 +1 −1 

Barker 13 +1 +1 +1 +1 +1 −1 −1 +1 +1 −1 +1 −1 +1 

2.5 Polyphase Coded Radar Signals 

Modern radar systems often employ polyphase coded signals. These signals have con-
stant carrier frequency and amplitude, while the phase varies from one subpulse to 
another. The general form of the polyphase coded signal is given (7). 

 ( ) ( )c op op

op op M

exp j 2π ,  

0 ,  

j i

i i

A f t t iT iT t
s t

t iT t iT t T
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 (7) 

Polyphase coded signals are typically classified into two main groups: Discrete 
phase codes (P1, P2, Frank) and continuous phase codes (P3, P4). The phase of each 
subpulse is defined as follows: 
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•  P1 code 

 ( ) ( ) ( ),
π

2 1 1 1a b M b b M a
M

ϕ −= − − − + −        (8) 

where M is the number of subpulses, a, b are integers and , 1, 2, ,a b M= ⋯  are the row 
and column indices. 

•  P2 code 

 ,
2π 1 1

2 2
a b

M M
b a

M
ϕ + +  = − −  

  
 (9) 

where M is the even number. 
•  Frank code 

 ( )( ),
2π

1 1a b a b
M

ϕ = − −  (10) 

•  P3 code 

 
( )2

2π 1
a

a

L
ϕ

−
=  (11) 

where L is the code length and 1, 2, ,a L= ⋯ . 

3 Proposed Method 

The block diagram of the proposed method is shown in Fig. 2. The proposed method 
consists of three stages:  

•  estimating pulse width and period of the received signal, 
•  estimating the instantaneous phase and frequency of received signal, 
•  recognizing the signal’s modulation type using a 1-D deep learning network. 

Antenna

IQ - 
Receiver

Estimating 
signal 

parameters

Deep 
learning

IQ - 
samples

 

Fig. 2 Block diagram of the proposed method for recognizing intra-pulse modulated 

radar signals 

The first two stages rely on processing the in-phase (I) and quadrature (Q) compo-
nents of the signal. Therefore, a brief overview of the I/Q data acquisition process is 
presented first. In recent years, with advancements in science and technology, I/Q 
receivers, typically referred to as software defined radio (SDR) systems, have become 
widely adopted. Common examples include HackRF, ANTSDR, and USRP X310. The 
block diagram of these receivers is shown in Fig. 3. 

The SDRs operate based on the following principles: signals of interest captured 
by the antenna are initially amplified by a low-noise amplifier (LNA). After that, these 
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signals pass through a mixer stage, converting them to baseband signals (zero IF) rep-
resented by two quadrature channels (I/Q). Following mixing, the signals undergo 
filtering to eliminate noise and unwanted components. The bandwidth of filters is in 
the range of 2 to 120 MHz, depending on the SDR (2 MHz for RTL-SDR, 20 MHz for 
HackRF, ANTSDR, and 120 MHz for USRP X310). The filtered signals are then digit-
ized via two ADCs (Analog-to-Digital Converter) with resolutions typically of 8 or 
12 bits. Finally, the I/Q samples are transferred to computer or FPGA (Field-
Programmable Gate Array) via Ethernet or USB (Universal Serial Bus) for digital 
signal processing [13]. The I/Q data generated by this hardware serves as the input for 
our feature extraction process, detailed below. The detailed procedures for identifying 
signal parameters (pulse width and period) and modulation type utilizing these I/Q 
channels are presented in the next subsection. 

LNA

VCO

90°

Filter

Filter

ADC

ADC

Digital signal 
processing 

(PC or FPGA)IQ
 s

am
pl

es

 

Fig. 3 Block diagram of I/Q receivers 

3.1 Signal Parameter Estimation 

In digital signal processing [14, 15], using the acquired I/Q signal, the amplitude, in-
stantaneous phase and frequency of the received signals are calculated by (12).  

 ( )

( ) ( )

2 2

arctan

d

d

A I Q

Q
t

I
t

f t
t

φ

φ


 = +

 =

 =

 (12) 

where A is the amplitude, ϕ(t) is the instantaneous phase and f(t) is the instantaneous 
frequency of the received signals. A detailed block diagram of the signal parameter 
estimation is shown in Fig. 4. 

The I/Q signal from the I/Q receiver (the SDR system) is divided into two paral-
lel processing branches. The first branch extracts time-domain parameters by 
estimating the envelope, removing amplitude variations, and detecting edges to deter-
mine pulse width and PRI. The I/Q signal passes through an amplitude extraction 
block to obtain the envelope by Eq. (12), followed by a pulse normalization stage to 
generate a clean square-wave representation of the pulse. This normalized pulse is then 
processed by the edge detection module, where the detected edges serve as the start 
and end markers for controlling the I/Q data capture in the second branch. These edges 
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are simultaneously used by the pulse width measurement module to determine the 
pulse width of the incoming radar signal. 

Amplitude 
calculation

IQ signal

Delay (50 clk)

Pulse 
normalization

Edge detection

I/Q buffer

PW calculation

Instantaneous 
frequency 
estimation

FFT 
Carrier frequency 

estimation

Modulation 
recognition

 

Fig. 4 Block diagram of the signal parameter estimation 

In the second branch, the I/Q signal is delayed by 50 clock cycles, ensuring that 
the buffered I/Q samples correspond exactly to the pulse interval identified in the first 
branch. After the I/Q buffer stores the pulse segment, the data is split into two pro-
cessing paths: one path is fed into the FFT block for carrier-frequency estimation, 
while the other is sent to the instantaneous-frequency estimation module by equation 
(12). The output of the latter is then forwarded to the modulation-classification unit. 
All processing stages are implemented on an FPGA operating at a minimum clock 
frequency of 50 MHz. 

3.2 Modulation Recognition 

To identify the modulation signals described above, this paper employs a deep learn-
ing network whose input consists of the normalized IFE from Section 3.1. The 
architecture of the deep neural network is illustrated in Fig. 5. The network processes 
1 × 15 000 one-dimensional normalized envelopes of instantaneous frequency as input. 

•  Block 1 consists of a convolutional layer with 32 filters (kernel size 1 × 5) with 
same padding, followed by Batch Normalization, a ReLU (Rectified Linear 
Unit) activation function, and a max pooling layer. 

•  Block 2 repeats this with 64 filters (1 × 5), followed by BatchNorm, ReLU, and 
max pooling. 

•  Block 3 uses 32 smaller filters (kernel size 1 × 3) with BatchNorm and ReLU 
but no pooling, preserving spatial resolution. 

•  The resulting feature maps are then flattened and fed into a fully connected lay-
er that outputs a 6-dimensional logit vector. A SoftMax activation turns these 
logits into probabilities over the six signal classes. 

4 Simulation Results 

In this paper, the performance of the proposed method was evaluated using signals 
simulated in a MATLAB environment on personal computer (ASUS Vivobook, 16 GB 
RAM, 2.3 GHz). The intra-pulse modulated radar signals include radar pulse, LFM, 
Barker, Costas, Frank and P-code with SNR in the range of [ ]15,  10− dB and 

[ ] [ ]0.1,2 μsτ ∈ . The specific parameters for constructing the signal database are de-
tailed in Tab. 3. The simulation includes two steps. The first step is analysing the 
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processing time of all mentioned extracting feature methods, such as: FFT, STFT, 
WVD and I/Q analysis. The second step is evaluating the AI process. 

 

Fig. 5 Structure of the deep learning network for recognizing radar signals 

Tab. 3 Signal parameters for constructing the database 

Radar signals Parameters Value 

LFM BW [MHz] 50 to 100 

Costas 
Code length 3, 4, 5, 6, 7 

Δf [MHz] 5 to 20 

Barker Code length  7, 11, 13 

Frank, P1 Code length  9, 16, 25 
Note: All signals are sampled at 1 GHz. 

4.1 Processing Time Analysis 

Fig. 6 shows the analysis results of the received signals at SNR = −6 dB with different 
methods. Figs 6a and 6b show that the FFT and STFT (Short-Time Fourier Transform) 
cannot extract the features of radar signals in high noise environments, while the 
WVD (Wigner-Ville Distribution) and the proposed method are more robust (Figs 6c 
and 6d). Our proposed method focuses on extracting the instantaneous frequency enve-
lope (IFE). The IFE (the clear red line in Fig. 6d) demonstrates that by measuring 
rising and falling edges and their slopes, and the signal parameters can be determined. 
Specifically, the pulse width, repetition period, and frequency deviation are calculated 
by (13). 

From these results, the received signal can be identified as LFM. Its parameters 
are 1.94 μs,  5.0 μs,  50.6 MHzPRI BWτ = = = . 

 

1 2 1

3 1

2 4 3

1 2 1

2 4 3

2.97 1.03 1.94 μs
6.03 1.03 5.0 μs
7.97 6.03 1.94 μs
166.5 115.3 51.2 MHz
167.2 117.2 50.0 MHz

t t

PRI t t

t t

BW f f

BW f f

τ

τ

= − = − =
 = − = − =
 = − = − =
 = − = − =
 = − = − =

 (13) 
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The processing times for 500 samples per modulation type, as summarized in 
Tab. 4 reveal that the WVD method requires the most computational effort 
( 520.03 st = ), followed by STFT ( 2.60 st = ), our proposed method ( 0.72 st = ), and 
FFT ( 0.48 st = ), which is the fastest among them. However, FFT exhibits limitations 
in accurately extracting features from signals with low probability of intercept (LPI). 
Based on these findings, we selected the proposed method for feature extraction prior 
to classification. Due to the wide range of the PSS, received signals often exhibit vary-
ing power levels. To mitigate the impacts of these variations, the IFE is normalized 
prior to the training process. 
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Fig. 6 Analysis results of the received signal with different methods:  

a) FFT; b) STFT; c) WVD; d) proposed 

4.2 Recognition Accuracy Analysis 

The general parameters for training the deep learning network are summarized in 
Tab. 5. This section evaluates the performance of the proposed network using three 
different input data types: The raw I/Q signals, FFT, and our proposed IFE of signals. 
While other feature extraction techniques like the STFT and WVD were analysed, they 
were excluded as inputs for the deep learning network for two main reasons. First, as 
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shown in Tab. 4, their processing times are notably higher, making them impractical 
for the real-time hardware implementation. Second, these methods generate two-
dimensional (2D) time-frequency representations, while the network here is specifical-
ly designed with a 1D architecture to efficiently process 1D signals like the proposed 
IFE. To train the network, the database was partitioned into three parts. The first part 
(80 %) is for training, second part (10 %) for testing and the last one (10 %) for valida-
tion. 

Tab. 4 Average processing time for 500 samples/modulation 

Signals 
Processing time [s] 

FFT STFT WVD Proposed 

Pulse 0.31 1.32 276.16 0.35 

LFM 0.27 1.25 243.73 0.36 

Costas 5 0.47 2.62 470.04 0.63 

Barker 13 0.87 5.06 989.64 1.60 

Frank 9 0.45 2.69 442.37 0.71 

P-code 0.49 2.68 590.23 0.67 

Average time 0.48 2.60 502.03 0.72 

Tab. 5 General parameters for training deep learning network 

Parameters Value 

Learning rate  0.01 

Number of epochs 10 

Batch size 32 

Activation function ReLU 

Optimizer  Adam 
 

The training time and average recognition accuracies of all mentioned methods 
are listed in Tab. 6. As presented in Tab. 6, the proposed method demonstrates superi-
or performance in both training efficiency and recognition accuracy. Firstly, our 
approach significantly reduces training time. With 2 000 samples per modulation type, 
the proposed method required only t1 = 2 079 s, whereas the FFT took 

2 13234 s 1.5t t= = ⋅ , and I/Q signal was the slowest at 3 13899 s 1.9t t= = ⋅ . 
Secondly, regarding accuracy, the proposed method consistently achieved the 

highest performance. With a dataset of 2 000 samples, it reached a recognition accura-
cy (Pra) of Pra = 94 %, surpassing the FFT (Pra = 92 %) and the I/Q signals 
(Pra = 84.78 %). 

Also, simulation results reveal that a minimum of 1 500 samples per modulation 
type is needed for both FFT and the proposed method to achieve the desired recogni-
tion accuracy (Pdra ≥ 90 %). Increasing the sample size to 2 000 produces only slight 
gains (1–3 %), while significantly increasing the required training time. With a small 
number of samples (N = 500, 1 000), none of the methods achieve Pdra ≥ 90 %. 
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Tab. 6 Training time and average recognition accuracy of the classification system 

with different preprocessing methods 

Samples/ 
modulation 

Training time [s] Recognition accuracy [%] 

I/Q  
signal 

FFT Proposed 
I/Q  

signal 
FFT Proposed 

   500    439   342   240 67.50 67.50 70.00 

1 000 1 870 1 118   852 72.67 80.33 85.33 

1 500 3 546 2 929 1 577 81.00 90.75 91.35 

2 000 3 899 3 234 2 079 84.78 92.00 94.00 
 

Fig. 7 illustrates the recognition accuracy of the proposed network for each intra-
pulse modulation signal type. The results indicate that the network performed well on 
LFM signals (100 %). To achieve the required performance of Pdra ≥ 90 %, 
SNR = −12 dB, SNR = −10 dB, and SNR = −5 dB are needed for the P1 signal, Costas, 
and the Frank signal, respectively. However, for the Pulse and Barker signals, the 
network architecture only achieved a performance of Pra ≤ 85 %. The authors attribute 
this limitation to the high similarity of their extracted features, combined with a rela-
tively shallow and unoptimized network architecture. Future work will focus on 
optimizing the deep learning network architecture to minimize the training time and 
enhance signal recognition efficiency, especially for these challenging signals. 

a) b) 

Fig. 7 Simulation results: a) confusion matrix; b) accuracy vs SNR 

5 Conclusion  

The paper introduced a novel two-part algorithm for the recognition of intra-pulse 
modulation signals. The first part utilizes a digital I/Q receiver for feature extraction 
and signal parameter estimation. The second part uses a deep learning network for 
classification based on the extracted features. 

The simulation results demonstrate that our feature extraction approach is signifi-
cantly faster (t = 0.72 s for 500 samples) than conventional methods such as STFT 
(t = 2.60 s and WVD (t = 502 s). More importantly, when integrated with the deep 



174 DOI 10.3849/aimt.02029

learning network, the proposed algorithm achieves a high average recognition accura-
cy (94 %), while requiring substantially less training time compared to models using 
raw I/Q or FFT data as input. Furthermore, the proposed network results in the highest 
accuracy for the LFM signal (100 %), followed by P1, Costas, and Frank signals. The 
required SNRs for Pdra ≥ 90 % are −12 dB (P1), −10 dB (Costas) and −5 dB for Frank 
signals. However, the network only reaches a maximum performance of 85 % for 
Pulse and Barker signals, a limitation we attribute to feature similarity and a sub-
optimal network architecture. 

In future work, we will focus on optimizing the network architecture to improve 
recognition for all signal types. Subsequently, the algorithm will be evaluated with 
real-world signals acquired from a Software-Defined Radio (SDR). 
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