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Abstract: Military vehicles often emit radar signals to ascertain their environment. Utilizing an Electromagnetic 

Support Measures receiver, they may be noticed, and it is vital to categorize them to ascertain the vehicle and radar 

kind. Despite the existence of several approaches for this task, there is a keen interest in automating and expediting 

the classification process to the greatest extent feasible. Artificial Neural Networks are a machine learning paradigm 

that has shown efficacy in categorizing sequential data from diverse sources. This thesis aims to examine the efficacy 

of Artificial Neural Networks in classifying various kinds of radar signals based on sequentially presented arrival 

times of radar pulses. Various forms of feed-forward and recurrent neural networks are examined, and strategies for 

their application to specific radar data are established. The findings indicate that artificial neural networks can 

categorize radar signals of this kind with an accuracy of up to 98 percent. Moreover, this might even be accomplished 

with little a few seconds of data with quite simple models. 
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INTRODUCTION 

Radar is a detecting technology that use pulses of 

radio waves to ascertain the position, angle, and 

velocity of objects in relation to the radar source. It 

is often used in aviation, maritime navigation, 

meteorology, geology, and several other disciplines. 

A radar typically comprises a transmitter that emits 

radar waves and a receiver that detects them upon 

their return. Due to various uses, radar signals differ 

in parameters such as frequency, amplitude, and 

pulse duration. This indicates that it is feasible to 

identify and distinguish various kinds of radar 

signals by measuring their properties, hence 

enabling the classification of the radar signal 

transmitter. This is particularly beneficial in the 

military, as it is essential to identify the types of 

aircraft, vessels, etc., involved. 20 [14]  

A prevalent method for categorizing radar types 

involves examining the intervals between pulses. 

Radar transmitters typically emit pulses at varied 

time intervals based on a predetermined pattern. 

Utilizing an Electronic Support Measures (ESM) 

receiver to measure the arrival of radar pulses 

enables the decoding of this sequence and the 

classification of the radar type. However, this is 

often complicated by the transmitter's rotation to 

emit radar waves omnidirectionally.   

This indicates that the sequence is often disrupted, 

resulting in the ESM receiver seldom receiving the 

whole sequence in a single transmission. Instead, it 

often acquires segments, beginning and ending at 

indeterminate locations, of the whole sequence. The 

classification process involves using a mixture of 

these components to align them with sequences of 

recognized radar types. [20] [14]   

Artificial neural networks are a category of machine 

learning that has produced remarkable outcomes in 

several diverse fields in recent years. Specifically, it 

has excelled in the classification of sequences, 

including voice recognition, translation, and 

decision-making for autonomous cars. 

 

LITERATURE SURVEY 

Previous methodologies for baseline signal 

classification relied on digital modulation 

techniques, higher-order statistics, and cyclo-

stationary moments, which are prevalent features for 

sensing and detecting signals with pronounced 

periodic components, as generated by the carrier 

structure, symbol timing, and symbol configuration 

in specific modulations. Numerous small stochastic 

models for propagation effects are available for 
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modeling a wireless channel [3]. The Deep Learning 

Classification Approach currently utilizes 

Stochastic Gradient Descent (SGD) to optimize 

extensive parametric neural network models. Since 

AlexNet [4] and its associated approaches, there 

have been major architectural advancements in 

computer vision resulting in substantial performance 

improvements.  

The study on automatic radar waveform recognition 

employs time-frequency analysis and convolutional 

neural networks to convert one-dimensional radar 

signals into time-frequency images (TFIs) for the 

purpose of identifying frequency variation patterns 

present in the TFIs. Waveform categorization via 

convolutional neural networks [6] Initially, 

convolutional and pooling techniques are used to 

produce deep features, which are then completely 

linked to the output layer for classification. Unlike 

other conventional methods that need human-

engineered features, CNN can autonomously 

identify and extract the appropriate underlying 

structure of the input waveform to derive deep 

features for classification.   

Dataset  

The data included recorded arrival timings of radar 

pulses at an ESM receiver from several ten-minute 

observations. Specifically, during each 

measurement, an ESM receiver was activated for ten 

minutes to detect signals, and upon receiving a 

pulse, the arrival time was recorded. The data 

included just of arrival timings, with no information 

about amplitude, frequency, or other parameters 

accessible. The rationale for this was the assumption 

that the recorded pulses originated from transmitters 

of diverse characteristics, necessitating a 

categorization into broadly distinct radar types 

sufficient for the work at hand, with the time 

intervals between radar pulses being enough for this 

classification.   

Furthermore, a first sorting algorithm had 

approximately organized data into 17 categories, 

each constrained to 1,000 observations. 

Consequently, there were a total of 17,000 

observations of the aforementioned type. This 

division was only a preliminary classification and a 

first step.   

The data included 17 Matlab data files, each 

containing 1,000 cells, with each cell indicating a 

ten-minute measurement observation. The 

observations varied in size, averaging around 2,000 

to 3,000 arrival times each observation, irrespective 

of class.   

Ultimately, it was presumed that most observations 

comprised solely receptions from a single radar 

type; that is, there were no consistent interferences 

or multiple radar transmitters being measured 

concurrently. Typically, the ESM receiver monitors 

only one transmitter during a ten-minute 

interception. Observations that retained this 

characteristic would be deemed irrelevant and 

classified as outliers.   

This indicates that the whole ten-minute 

measurement may be categorized as a single class 

and does not need division into several distinct 

classes. 
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Data Set: 

The data included recorded arrival times of radar 

pulses at an ESM receiver from many distinct ten-

minute observations. Specifically, during each 

measurement, an ESM receiver was activated for ten 

minutes to detect signals, and upon receiving a 

pulse, the arrival time was recorded. The data 

included just of arrival timings, with no information 

about amplitude, frequency, or other parameters 

accessible. The rationale for this was that the 

recorded pulses were presumed to originate from 

transmitters of diverse characteristics, rendering a 

broad categorization into distinct radar types enough 

for the job at hand, with the time intervals between 

radar pulses being sufficient for this classification. 

  

Furthermore, an initial sorting algorithm had 

approximately organized data into 17 categories, 

each restricted to 1,000 observations. Consequently, 

there were a total of 17,000 observations of the 

aforementioned type. This division constituted just a 

preliminary classification and a first step.   

The data included 17 Matlab files, each containing 

1,000 cells, with each cell indicating a ten-minute 

measurement observation. The observations varied 

in size, averaging around 2,000-3,000 arrival times 

per observation, irrespective of class.   

Ultimately, it was presumed that most observations 

comprised solely receptions from a single type of 

radar; that is, there were no consistent interferences 
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or multiple radar transmitters being measured 

concurrently. Typically, the ESM receiver monitors 

only one transmitter during a ten-minute 

interception. The observations that retained this 

would be deemed irrelevant and outliers.   

This indicates that the whole ten-minute 

measurement may be categorized as a single class 

and does not need division into several classes. 

This issue differs from a conventional sequence-

classification problem in that it involves sequences 

characterized by frequent, both regular and irregular 

interruptions. A significant aspect of the issue is 

therefore to examine and circumvent this challenge. 

Moreover, as previously stated, the dataset is 

presumed to need extensive preprocessing, along 

with reclassification, additional segmentation, and 

reorganization of the existing categories. The study 

is structured into three main sections to address these 

two challenges. The first pertains to preprocessing, 

during which the provided data is evaluated and 

processed. The objective is to provide a clear and 

organized categorization of the data into separate 

groups to optimally train a neural network. This 

section encompasses data visualization, problem 

identification, outlier removal, and the formulation 

of techniques and algorithms for generating a new 

data division. Ideally, one seeks to eradicate the 

human element in this aspect, thereby placing 

significant emphasis on objective metrics for 

categorizing radar data into distinct classifications. 

 

ARTIFICIAL NEURAL NETWORKS 

Artificial neural networks (ANN) are a set of 

machine learning algorithms loosely modeled after 

the functioning of organic neurons in the animal 

brain. They have had a significant increase in 

popularity over the last decade as computational 

efficiency has improved, enabling the resolution of 

a wide array of issues. Artificial Neural Networks 

(ANNs) use several nodes, referred to as artificial 

neurons, interconnected inside a network. The 

appearance of these neurons differs among 

networks; nevertheless, it is typically consistent that 

each network has configurable weights and a 

specific activation function. The weights signify 

linearity, whereas the activation function denotes 

non-linearity. This enables the network to integrate 

both linear and non-linear elements to accommodate 

intricate patterns. [29]   

The network receives an input, which propagates 

across the nodes and links, resulting in an output. 

The objective is to modify the weights to provide 

optimal output depending on the input. This is often 

accomplished by supervised learning, when the 

network is provided with a substantial volume of 

training data, including various input types and 

corresponding outputs. Employing various 

algorithms and methodologies, 

Various kinds of networks are used for distinct 

functions. This thesis will concentrate on feed-

forward networks and recurrent neural networks, 

both of which are often used for classification. Feed-

forward networks are the most prevalent form of 

networks, usually used for classification, but 

Recurrent Neural Networks are specifically built to 

process sequential input. [25] The following are 

concise explanations of Feed-forward and Recurrent 

neural networks; for a more comprehensive 

explanation, go to Deep Learning with Python [4]. 

  

The weights are subsequently modified and 

calibrated as it learns to identify various patterns in 

the input to correspond with the appropriate output. 

[28] 

 

Radar signals 

The function of radar is to identify and detect things 

in the environment. It generates electromagnetic 

pulses that interact with nearby objects and are 

reflected back to a receiver situated with the 

transmitter, which may ascertain the object's 

location by measuring the interval between the 

emission of the pulse and its return.  

Various radar types differ based on the time intervals 

between their pulses. A radar transmits pulses at 

intervals determined by a certain sequence that 

characterizes that particular kind of radar. This 

allows an ESM receiver to ascertain the sort of 

emitter it is encountering by recognizing this 

sequence. The sequence will also depend on the 

mode of the transmitter. The radar alternates modes 

according to the distance for object detection. For 

extended distances, the transmitter must increase the 

interval between pulses to prevent interference. 

Nevertheless, for the radar type examined in this 

thesis, the fundamental pattern stays consistent 

throughout each mode, only scaled by a factor 

dependent upon the specific mode of operation. [20] 

[14]   

 

Visualization and representation   

A radar transmitter is characterized by a series of 

time intervals between its pulses. As the transmitters 

spin and orient away from the ESM receiver, not all 
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pulses will be detected. This leads to just segments 

of the sequences being documented, which are 

stopped at both regular and irregular intervals, and 

then restarted at a different place within the 

sequence.  The occurrence of these pauses changes 

based on the distance between the transmitter and 

receiver, indicating that even sequences of the same 

radar type may seem dissimilar. 

  

EXAMINATION OF THE INITIAL DIVISION 

Artificial neural networks (ANN) are a set of 

machine learning algorithms loosely modeled after 

the functioning of organic neurons in the animal 

brain. They have had a significant increase in 

popularity over the last decade as computational 

efficiency has improved, enabling the resolution of 

a wide array of issues. Artificial Neural Networks 

(ANNs) use several nodes, referred to as artificial 

neurons, interconnected inside a network. The 

appearance of these neurons differs among 

networks; nevertheless, it is typically consistent that 

each network has configurable weights and a 

specific activation function. The weights signify 

linearity, whereas the activation function denotes 

non-linearity. This enables the network to integrate 

both linear and non-linear elements to accommodate 

intricate patterns. [29]   

The network receives an input, which propagates 

across the nodes and links, resulting in an output. 

The objective is to modify the weights to provide 

optimal output depending on the input. This is often 

accomplished by supervised learning, when the 

network is provided with a substantial volume of 

training data, including various input types and 

corresponding outputs. Employing various 

algorithms and methodologies, Various kinds of 

networks are used for distinct functions. This thesis 

will concentrate on feed-forward networks and 

recurrent neural networks, both of which are often 

used for classification. Feed-forward networks are 

the most prevalent form of networks, usually used 

for classification, but Recurrent Neural Networks 

are specifically built to process sequential input. [25] 

The following are concise explanations of Feed-

forward and Recurrent neural networks; for a more 

comprehensive explanation, go to Deep Learning 

with Python [4].   

The weights are subsequently modified and 

calibrated as it learns to identify various patterns in 

the input to correspond with the appropriate output. 

[28] 

 

 
Figure 1: Visualization of _ve observations from each class, chosen at random and plotted above 

each other in the same graph 
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This visualization allows for fast inferences to be 

formed from the plots. Classes 1 and 7 had 

significant similarities, as did classes 10 and 13. 

Classes 2 and 4 seemed similar; nonetheless, there 

were notable distinctions. Other classes, particularly 

class 12 and class 9, clearly included several kinds 

and required more subdivision. Furthermore, a k-NN 

algorithm was evaluated to determine its efficacy in 

classifying data based on this first split. This was 

supposed to partially serve as a performance metric 

for the degree of data separation and partially 

provide insights into which classes are challenging 

to categorize. The analysis of the data visualization 

and the outcomes of the k-NN algorithm 

corroborated the assertion that more segmentation 

and reorganization were necessary. It was believed 

that some courses would be consolidated while 

others would be subdivided. Numerous observations 

were deemed outliers and required removal. The 

first division was used to establish an accuracy, 

while the data were selected to be regarded as 

unsorted. An algorithm was developed to 

objectively categorize, amalgamate, and partition 

observations based on this accuracy. The objective 

was not alone to conduct a visual evaluation but also 

to develop an algorithm capable of considering 

interior structures. 

 

DISCUSSION 

Upon reflection, we are astonished by the efficacy of 

the data sorting method. The metric for comparing 

two observations was developed from the ground up, 

as were the algorithms and techniques used to create 

the final partition. Despite encountering challenges, 

such as the need to categorize the classes into point 

classes and cluster classes, we successfully 

developed an effective strategy for data sorting. It is 

crucial to highlight that our strategy relies on many 

factors, which may result in our algorithm 

underperforming on other datasets. The settings 

were modified according to the outcome, resulting 

in bias. Nonetheless, some assumptions about data 

must always be established, particularly in the 

absence of prior specifications.   

The metric used to compare two data has many 

flaws. Firstly, it fails to consider the frequency of 

occurrences at each moment. Two observations that 

seem similar in a two-dimensional visualization may 

differ if the distributions of the points vary. The 

second drawback of the metric arises while 

calculating the mean of the distances. If some points 

in an observation significantly vary, this is 

"suppressed" while calculating the mean, resulting 

in the potential misclassification of the observation 

including outliers.  The sorting in the second 

and third segments of the method is conducted using 

statistical models. This is predicated on the distances 

among observations, rather than an attribute of each 

observation. An inadequate representative for a 

class, or the inclusion of an irrelevant observation, 

might significantly affect the outcomes. An alternate 

technique would have included a more in-depth 

examination of the classes to identify traits unique to 

each class. The durations of the observations and the 

distribution of the 2D points are only two examples 

of characteristics that may be addressed. 

 

CONCLUSIONS 

The primary motivation for selecting this project is 

its integration of several disciplines to develop a 

model suitable for various signal categorization 

applications. Applications of Radar Biomedical 

Applications Applications of Seismology and 

several more. We have used the notion of Neural 

Networks, since it is one of the most prevalent 

technologies shown to provide superior efficiency 

and accuracy. We are endeavouring to decrease the 

detection time to under one minute. Our 

categorization algorithm will evaluate the waveform 

for an increased number of cycles, resulting in a 

more precise outcome. This thus reduces the 

interference from other transmissions. 

 

REFERENCES 

[1] W. A. Gardner and C. M. Spooner, “Signal 

interception: Performance advantages of cyclic-feature 

detectors,” IEEE Transactions on Communications, 

vol. 40, no. 1,pp. 149–159, 1992.  

[2] C. M. Spooner and W. A. Gardner, “Robust feature 

detection for signal interception,” IEEE transactions 

on communications, vol. 42, no. 5, pp. 2165–2173, 

1994.  

[3] A. Goldsmith, Wireless communications. 

Cambridge university press, 2005.  

[4] K. A. Krizhevsky, I. Sutskever, and G. E. Hinton, 

“Imagenet classification with deep convolutional 

neural networks,” in Advances in neural information 

processing systems, 2012, pp. 1097–1105.  



International Journal of Intelligent Systems and Applications in Engineering                         IJISAE, 2023, 11(4), 1010–1016  |  1016 

 

[5] C. Wang, J. Wang and X. Zhang, "Automatic radar 

waveform recognition based on time-frequency 

analysis and convolutional neural network," 2017 

IEEE International Conference on Acoustics, Speech 

and Signal Processing (ICASSP), New Orleans, LA, 

2017, pp. 24372441.  

[6] B. Zhao, S. Xiao, H. Lu and J. Liu, "Waveforms 

classification based on convolutional neural 

networks," 2017 IEEE 2nd Advanced Information 

Technology, Electronic and Automation Control 

Conference (IAEAC), Chongqing, 2017, pp. 162-165.  

 

 

 


