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Abstract. The paper presents method for designing of models for generation, 

analyses and identification of signal sources with pulse modulation on a neural 

network (NN) base. Some problems of selected types of pulse-modulated signal 

analysis are presented. The learning process and the use of neutral networks is 

explained. Results of identification process modeling and simulations of source 

with pulse-modulated signal are presented. 
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1   Introduction 

The passive surveillance system is a highly advanced sensor that is able to detect 

signal sources (aircrafts, ships …) from signals emitted by their radar, 

communications, and other onboard electronic systems. Another type of a device, 

which is able to detect a signal source, is a jammer. One of the main problems is 

range increase and quality of pulse-modulated signal analysis and signal source 

identification or classification. 

Investigation the use of neural networks to classify random signals is presented in 

[1]. The signals are modeled as the output of linear dynamic systems driven by white 

noise. This is a suitable model for a variety of real-world signals, including speech, 

geophysical returns, sonar signatures, and radar echoes. The signals considered are 

generated by a computer simulation. This controlled source of data avoids the 

difficulties of collecting real signals and allows attention to be focused on the issues 

involved in signal classification. Demodulation of QPSK over a Non-Linear, 

Dispersive Channel using a Backpropagation Neural Network is presented in [2]. This 

application demonstrated a major area of advantage for Neural Networks over 

conventional techniques. The instructions for using neural networks as a classifier of 

signals with use the lab-on-chip and the analysis structure of subsystem and neural 

network structure is presented in [3]. 

In a military context the recognition of signal sources is of interest as input to the 

ongoing situation evaluation. By surveillance of the electromagnetic spectrum one 

may deduct vital information on the activities in the field. Timely access to such 

information is imperative, which implies that the recognition process must be 

automated yet maintaining the possibility of manual analysis of new or unknown 



signal sources. Full signal identification may not necessarily be required if the 

information from the signal classifier is used to select appropriate EW 

countermeasures. A rather rough classification will probably be sufficient to find a 

proper jamming signal format [4]. Analysis and concept design of the intelligent 

active deceptive jammer is presented in [5]. As the initial step for further research, the 

simulation model of possible active deceptive jammer was designed. As part of this 

model, the identification module based on the neural network is expected. 

This paper presents the modeling and simulation system for signal source 

identification by neural network classifier. Part two describes the process of signal 

source modeling and simulation. Signal processing and analyzing principles are 

presented in part three. The neural network for identification designing and result of 

modeling and simulation are described in fourth part of the paper. 

2   Signal source modeling and simulation 

The first problem of signal source identification modeling is the design of a model of 

a generator and a model of processing and analyses of signals with pulse modulation. 

The model of a signal generator, which deals with the generation of binary ASK 

modulated signals in the interactive environment of Matlab, is presented in the 

following part. The model is designed to generate signals of real shapes. The principle 

of the models function is in Fig. 1. At the end of signal generation, the generated 

signal is filtered through a frequency filter and random additive noise is added to it. 

The result of these steps is a distortion of the generated signal output parameters as 

the pulse width, pulse repetition and carrier frequency. 

 

 

Fig. 1. The structure of the signal source model 
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This signal generator produces a pulse signal UP and a carrier signal UC, which are 

then mixed with each other in order to get a pulse-modulated signal Um. The 

generated pulse-modulated signal is then amplified. To get a signal of real shapes, the 

generated amplified pulse-modulated signal is afterwards filtered through a frequency 

filter and a random additive Gaussian noise is added to the filtered signal. The output 

is an amplified pulse-modulated signal of real shapes Uout Fig. 2.  

 

Fig. 2. The output signal with random additive Gaussian noise 

The Fig. 2 shows only a part of the generated signal that is needed to understand 

how the additive Gaussian noise affects the signal. The amplitude of the signal 

without noise was 5 V, but with the noise the amplitude is higher. 

3   Signal processing and analyzing system 

The function principle of the model of processing and analyses is based on measuring 

pulse width and pulse repetition with a counter method and on measuring the 

intermediate frequency using the FFT algorithm by knowing the current frequency of 

the local oscillator. The products of this model are four parameters (descriptors), 

which describe the processed and analyzed signal: 

- Pulse width PW 

- Pulse repetition frequencyPRF 

- Value of the intermediate frequency IF 

- Local oscillator setting attribute LOset. 

The received high-frequency signal is shifted into the intermediate frequency band 

with the middle on 750 MHz and with the bandwidth of B = 250 MHz. On the base of 

the current set local oscillator fLO, this model assigns the value of intermediate 

frequency IF and the local oscillator setting attribute to every signal. The principle of 

signal processing and analyses of pulse-modulated signals are shown in the Fig. 3. 



 

Fig. 3. Structure of the pulse-modulated signal processing and analyze.  

 

The structure in Fig.3 shows a basic principle of signal processing and analyses. 

The generated pulse-modulated signal is in this model shifted to intermediate 

frequency, the pulse width and pulse repetition are measured. The outputs of this 

model are four already mentioned descriptors, which represent the inputs for the 

designed classifier. 

4   Modeling and simulation results based on the NN classification 

From a signal processing perspective, it is imperative to develop a proper 

understanding of basic neural network structures and how they impact signal 

processing algorithms and applications. A challenge in surveying the field of neural 

network paradigms is to distinguish those neural network structures that have been 

successfully applied to solve real world problems from those that are still under 

development or have difficulty scaling up to solve realistic problems. When dealing 

with signal processing applications, it is critical to understand the nature of the 

problem formulation so that the most appropriate neural network paradigm can be 

applied. In addition, it is also important to assess the impact of neural networks on the 

performance, robustness, and cost-effectiveness of signal processing systems and 
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develop methodologies for integrating neural networks with other signal processing 

algorithms [6]. 

A multilayer perceptron (MLP) neural network model consists of a feed-forward, 

layered network of McCulloch and Pitts’ neurons. Each neuron in an MLP has a 

nonlinear activation function that is often continuously differentiable. Some of the 

most frequently used activation functions for MLP include the sigmoid function and 

the hyperbolic tangent function. A typical MLP configuration consists of one input 

and one output layer and one or more hidden layer in between. The name hidden layer 

refers to the fact that the output of these neurons will be fed into upper layer neurons 

and, therefore, is hidden from the user who only observes the output of neurons at the 

output layer. Figure 4 illustrates the structure of the classifier with a detail on the used 

neural network structure where interconnections are provided only between neurons 

of successive layers in the network. In practice, any acyclic interconnections between 

neurons are allowed. 

 

Fig. 4. Multilayer perceptron and the pre-processing of data 

The basic pre-processing requirements for modulation classification are to obtain a 

signal representation that is as consistent as possible and to reduce degradations that 

may confuse the classifier. Thus, the preprocessor is responsible for quality assurance 

and for adapting the data input into a suitable form before feeding it to the feature 
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extractor block. A fundamental restriction in the preprocessing of unknown signals is 

that the signal format and the frequency band are unknown to the intercept receiver. 

The pre-processor may nevertheless be able to estimate some of the main signal 

parameters like carrier frequency and bandwidth that is required for adapting the 

signal processing to the intercepted signal. 

The structure of the designed classifier consists of an input layer with 36 neurons, 

one hidden layer of 100 neurons and an output layer of 4 neurons. The first 9 neurons 

of the input layer are selected for the vector, which defines the pulse width descriptor. 

The next 9 neurons are selected for the pulse repetition descriptor. The following 13 

neurons are for the intermediate frequency descriptor and the last 5 neurons of the 

input layer are selected for the local oscillator setting attribute descriptor. This 

classifier model operates with pre-processed data of pulse width, pulse repetition and 

the value of the intermediate frequency. In pre-processing of the data, are the 

descriptors assigned to pre-defined subgroups for each one of them. This way by the 

variance for each descriptor is pre-defined ensuring a correct classification. In order to 

ensure a correct function of the classifier, which works with mentioned subgroups, a 

special vector for each descriptor was created. The presented classifier works with the 

subgroup sizes for pulse width 0.2 μs, pulse repetition 100 μs and for the intermediate 

frequency 1 MHz. The subgroup sizes give a variance in which a descriptor can by 

assigned to a specific subgroup in the process of classification of RL objects with 

possible inaccurate measuring of descriptors. Signal source identification system is 

presented in Fig. 5. 

 

 

Fig. 5. General structure of the signal source identification system  

The creation of the input vector is based on strict conditions for assigning the 

subgroups (Fig. 4) and their vectors to measured descriptors. The mentioned vectors, 

which describe the individual subgroups, are defined in a way that ensures an 

incorrect classification of an object who’s any descriptor would fall into another 

subgroup. 

A main goal for the experiment was to test and assess the proposed classification 

methodology under controlled, yet realistic conditions. 

The model of the signal sources includes 14 types of sources, which were used for 

neural network identification system simulation. To test the results of classification, a 

measurement of all 14 signal sources has been done. The generation of signals was 

done with a constant amplification and different values of SNR (Signal to Noise 

Ratio) from 10 to 1.9. The lower limit 1.9 is a limit when the model of signal 

processing and analyses works without any failures. The analyses would produce a set 

of misleading measurements, especially for the pulse width and pulse repetition, in a 

case of lover SNR value than 1.9. This is caused simply by high amplitude of noise 

that is added to the generated signal. 
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5   Conclusions 

Depending on the application, the importance of discriminating between known 

formats versus the detection and identification of unknown formats may vary. The 

neural network can accommodate these changing requirements by adjusting the 

parameters in the network. Testing of the designed classifier showed that a generated 

signal without noise would be classified always right. I the case of classification of 

signals with noise the tested classifier classified 60% and more of all 14 signal 

sources right until the SNR value dropped below 2.6. 
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