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ABSTRACT 
 

The project is aimed at designing an intelligent communication system where the receiver is  

able  to  detect  the  modulation  scheme  of  the  signal  it  receives  using  Automatic 

Modulation Recognition (AMR) algorithms, without having minimum or no prior knowledge 

of the transmitted signal. Six digital modulation schemes namely QPSK, BPSK, 2ASK, 

4ASK, 2FSK, 4FSK and 16QAM were used. Algorithms based on deriving key statistical 

features from the communication  signal,  were  formed.  Features  were  also  extracted  using  

Azzouz and Nandi‟s techniques. Neural Networks were applied to the extracted  features  to  

distinguish  between  signals  having  different  modulation  schemes. The simulations were 

performed for different SNR values as well as different number of neurons in a one and two 

hidden layers. 

 

Keywords: Automatic Modulation Recognition, Neural Networks, Modulation Schemes. 
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CHAPTER 1 

 

1.1 Introduction 

The technological world is quickly moving towards a more intelligent and secure 

communication. A lot of progress has been made in regards to the development of intelligent 

communication systems. Such systems can be of great importance to civilian as well as 

military purposes, where different modulation schemes might be required to secure the 

communication. Automatic modulation recognition (AMR) offers quite a bit of flexibility in 

dealing with different communication standards. A single receiver circuit can be enabled to 

recognize different modulation schemes and then demodulate those in coming signals which 

have been transmitted using different standards. Automatic modulation recognition can also 

be used in interference identification, signal confirmation and spectrum management. Civilian 

authorities might want to look over their transmission so as to have a control over them as 

well as monitor and detect non-licensed transmitters [1]. For military purposes its applications 

can be electronic warfare (EW), threat analysis and surveillance. Applications like electronic 

support measures (ESM) systems plays a key role as information source needed to conduct 

electronic counter measures (ECM), electronic counter-counter measures (ECCM), warning, 

threat detection and target acquisition [2]. 

This project is yet another step in the same direction, the main goal of which is to develop an 

intelligent receiver that has the capability of receiving different types of signals having 

different modulation schemes and then demodulating them automatically.  

1.2 Background 

Reasonable amount work has been done in this area but the main contributions to the field has 

come from people like of Elsayed Azzouz and A.K Nandi, who have written enormously on 

automatic recognition of the signals. Some of their algorithms use the decision theoretic 

approach while the other uses artificial neural network approach (ANN). In their work, they 

have developed algorithms for both analogue as well as digital modulation types [3]. Some 

recognizers utilizes only analogue modulations [4]-[7] while some utilizes only digital [8]-

[10]. Some algorithms utilize both analogue and digital signals. In [11] both the decision 

theoretic and pattern recognition approaches have been used. It can identify AM, ASK2, 

FSK2, PSK2 and PSK4. The paper says that error free modulation recognition could be 

achieved at an SNR ≥ 18dB. In [12] a recognizer is proposed that uses pattern recognition 

approach. This recognizer can identify AM, SSB, ASK2, PSK2, FSK2 and FSK4 modulation 

types. Its success rate was ≥ 90% for all except SSB (=83%) and FSK4 (=88%). It doesn‟t say 

anything about the corresponding SNR to the measured success rate. [13] Uses pattern 

recognition approach. It can identify AM, FM, SSB, DSB, ASK2, ASK4, PSK2, PSK4, FSK2 

and FSK4. This paper says that at SNR ≥ 40dB the recognizer performs well but at an SNR = 

10 dB only PSK4 is identifiable at 7% while the others are not identifiable. There are also 

recognizers that recognize both analogue and digital modulations. 
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There are generally two approaches for modulation recognition problems namely, 1) a 

decision theoretic approach and 2) a statistical pattern recognition approach. In the decision 

theoretic approach, probabilistic and hypotheses based arguments are used to construct the 

modulation recognition problem. In the statistical pattern recognition the system is divided 

into two subsystems.  The first is feature extraction subsystem and the second is a pattern 

recognition subsystem. The function of feature extraction subsystem is to extract the pre-

defined features from the data. The function of the pattern recognition subsystem is to find the 

modulation type of the signal. Again the pattern recognition subsystem is divided into two 

phases, 1) a training phase for adjusting the classifier structure and 2) a test phase for 

providing the classification decision.  

There is another approach used in this thesis for modulation recognition and that is Artificial 

Neural Networks (ANN). This approach is divided into three steps: 1) pre-processing and 

features extraction, 2) a training phase for adjusting the classifier structure (for determining 

the weights and biases), and 3) a test phase, in which the performance of the network is 

determined. 

Basically, there are five techniques for solving the modulation recognition problem.  

1. Spectral processing 

2. Instantaneous amplitude, phase and frequency parameters 

3. Instantaneous amplitude, phase and frequency histograms 

4. Combination of the all three previous methods 

5. Universal demodulators 

In this thesis we use the second approach because it requires less memory, is simple and is 

faster than the other techniques. Details about this approach will be discussed in later 

chapters. 
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CHAPTER 2 

2.1 Objectives  

This thesis aims at designing an intelligent communication system (COMINT) where the 

receiver is able to detect the modulation scheme of the signal it receives using Automatic 

Modulation Recognition (AMR) algorithms, without having any prior knowledge of the 

transmitted signal. Automated Modulation Recognizer‟s aim is to analyze the incoming 

signal; extract information which can be used by the algorithm to identify the modulation 

scheme. Following are the aims and objectives of this thesis. 

1. To develop a transmitter capable of transmitting 7 digital modulation schemes and a 

receiver capable of recognizing and demodulation them. The seven digital modulation 

schemes are 

 2ASK 

 4ASK 

 2FSK 

 4FSK 

 2PSK 

 4PSK 

 16QAM 

2. Develop methods for extraction of different key features from the received signal 

which can be used for distinguishing different communication signals. 

3. Develop algorithms for modulation recognition based on key features extracted from 

the signal using Artificial Neural Networks (ANN) approach. 

4. Develop demodulators capable of demodulating the recognized modulation scheme. 

In order to present our views better we would construct a block diagram 

 

  Figure 2.1 Block diagram for thesis 
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CHAPTER 3 
 

3.1 Key Features 

The algorithm suggested by E. E. Azzouz and A.K. Nandi is a feature extraction based 

algorithm, i.e.; Different modulation schemes are recognized and differentiated from each 

other by extracting certain features from the received signal. The automatic modulation 

recognition is done in two steps. 

1. Key features extraction 

2. Modulation classification 

3.1.1 Key Features Extraction 

For the required AMR, five key features are used to distinguish between modulation schemes 

and they are derived from the instantaneous phase φ (t), instantaneous amplitude a (t) as well 

as the instantaneous frequency f (t) of the signal. The key features are explained below [1]: 

3.1.1.1 Gamma Max (γ max) 

 γ max is the maximum of the power spectral density of the normalized centered instantaneous 

amplitude, given as  

 γ max = max |DFTacn(i)|
2
 / Ns ……… (1) 

Where Ns is the number of samples per segment, and acn is the normalized centered amplitude 

defined by  

 acn(i) = an (i) – 1, where an (i) = a(i)/ma 

Here ma is the average of the amplitude over one segment. 

3.1.1.2 Sigma- AP (σap) 

  σap  is the standard deviation of the absolute instantaneous phase, give as  

             σap  =   ………(2) 

Where σNL(i) is the value of the normalized centered component of the instantaneous phase, C 

is the number of samples in σNL(i) for which an(i)>at, where at is the threshold for a(i) below 

which the estimation of instantaneous phase becomes very difficult due to noise or in other 

words we can say it becomes noise sensitive.  
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3.1.1.3 Sigma-DP (σdp) 

σdp is the standard deviation of the direct instantaneous phase, given as  

 

 σdp =  …………. (3) 

 

It must be noted that it is the standard deviation of the direct phase and not absolute phase, 

calculated over the non weak intervals of the signals. 

3.1.1.4 Sigma-AA (σaa) 

σaa is the standard deviation of the normalized centered absolute amplitude given as  

 

 

 σaa =   ………… (4) 

It can be noted that acn‟s absolute standard deviation is being calculated and not of acn  

directly. 

3.1.1.5 Sigma-AF (σaf) 

σaf is the standard deviation of the normalized centered absolute frequency given by 

 

 σaf = ……… (5) 

Now it must be noted that normalization of the frequency can be done by many ways but the 

method of normalization chosen is given below. 

 fN(i)=  ,    fm(i) = f(i) – mf  where mf =  
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3.1.1.6 Gamma Max_f (γ max f)  

 γ max f = max | FFT(fn(i))|
2
…….. (6) 

 

In their previous works Azzouz and Nandi proposed the first five features. Here's a sixth 

feature proposed in a recent paper [23] has been taken into account as well. 

Gamma max_f is the maximum value of the power spectral density of the normalized 

centered instantaneous frequency.  

In this thesis six digital modulation signals namely 2ASK, 4ASK, 2PSK, 4PSK, 2FSK and 

4FSK are simulated in Matlab, with an addition of 16QAM. A random number generator has 

been used to generate the signals [23]. As mentioned earlier, the features differentiate between 

different signals.  

 The feature parameter „Gamma max‟ divides the signals into two categories {2FSK, 

4FSK} and {2ASK, 4ASK, 2PSK, 4PSK}. Since {2FSK, 4FSK} signals have no 

amplitude information so their spectral power densities are zero. γ max can be used to 

differentiate between signals that have amplitude information from those which don‟t 

have. [1] 

 Sigma ap divides the signals in two subsets, 2ASK, 4ASK and 2PSK as the first and 

4PSK as the second. The first subset has no absolute phase information and the second 

one has. So „sigma ap‟ discriminates between signals having absolute phase 

information from those having no absolute phase information. [1] 

 Sigma dp is used to differentiate between 2ASK and 4ASK as one subset and 2PSK as 

other subset. Sigma dp can discriminate between signals having direct phase (2PSK) 

from the signals having no direct phase information (2ASK, 4ASK). [1] 

 2ASK and 4ASK can be differentiated by „sigma aa‟. 2ASK has no absolute amplitude 

information while 4ASK has both absolute and direct amplitude information. So 

„sigma aa‟ can be used to discriminate these two signals. [1] 

 Sigma af differentiates between FSK signals. 2FSK has no absolute frequency 

information while 4FSK has both absolute and direct frequency information. [1] 
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CHAPTER 4  
 

4.1 Introduction to Neural Networks 

A neural network is a powerful data-modeling tool that can capture and represent complex 

input/output relationships. The motivation behind the development of neural networks grew 

from the desire to develop an artificial system that could perform intelligent tasks similar to 

those performed by the human brain. It resembles the human brain in the following ways 

 A neural network acquires knowledge through learning 

 A neural network‟s knowledge is stored within inter-neuron connection strengths 

known as synaptic weights. [13] 

ANNs are considered as a wave of future in computing. They are self-learning processes 

which don‟t require the traditional skills of a programmer. Unfortunately, some 

misconceptions have risen. People have hyped that they can do almost anything. This 

exaggeration contributed a lot to the disappointment of some potential users who tried and 

failed to solve their particular problems with neural networks. These users often concluded 

that neural networks are complicated and confusing. This confusion also came from the 

industry itself. Articles were written on a variety neural networks, all with different claims 

and specific examples. Currently, a few of these structures are being actually used 

commercially. The feed forward, back-propagation network is by far the most popular. Most 

of the other neural network structures represent models for “thinking” that are still being 

evolved in laboratories. Still, all of these networks are simply tools and as such the only real 

demand they make is that they need the network architect to learn how to use them. [16]. 

The usefulness of artificial neural networks has been demonstrated in several applications 

such as diagnostic problems, medicine, speech synthesis, robot control, business and finance, 

signal processing, and other problems that fall under the category of pattern recognition.  

4.2 History of Neural Networks 

The human brain has been studied for thousands of years. With the success of modern 

electronics, it was only natural to try to exploit this thinking process. [14], [17]. 

The history of neural networks can be divided into several periods: [25] 

 First Attempts: There were several initial simulations using formal logic. McCulloch 

and Pitts (1943) developed several models of neural networks based on their 

understanding of neurology. These models presented several assumptions about how 

neurons worked. These networks were based on simple neurons which were 

considered to be binary devices with fixed thresholds. The outputs of their model were 

simple logic functions „a‟ or „b‟ and „a and b‟. Another attempt was made by using 

computer simulations. IBM researchers kept close contact with neuroscientists of the 

McGill University. So whenever their models failed to work, they consulted those 

neuroscientists.  
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 Promising and Emerging Technology: Neuroscience was not only helpful in the 

development of neural networks but also psychologists and engineers contributed to 

the progress of neural network. Rosenblatt (1958) inspired a considerable interest in 

the field when he designed and developed a Perceptron. The Perceptron has three 

layers; the middle layer was called the association layer. This system could learn to 

connect or associate a given input to a random output unit. Another system developed 

in 1960 was called ADALINE (Adaptive Linear Element) by Widrow and Hoff 

(Standford University). It was an analogue electronic device constructed from simple 

components. The method used in ADALINE for learning was not that of the 

Perceptron but was Least-Mean-Squares (LMS) learning rule. 

 Period of Frustration and Disrepute: In 1969 Minsky and Papert [24] wrote in their 

book in which they generalized the limitation of single layer Perceptrons to 

multilayered. They wrote: “… our intuitive judgment that the extension (to multilayer 

systems) is sterile”. As a result of this the funding for research with neural networks 

was stopped. As a result, a considerable prejudice against the field was activated.  

 Innovation: Although public interest and availability of funding was almost none, 

several researchers still continued working on it. Several concepts were generated 

during this period which modern work continues to enhance. Grossberg‟s (Steve 

Grossberg and Gail Carpenter in 1988) influenced researchers who explored 

resonating algorithms. ART (Adaptive Resonance Theory) networks based on 

biologically plausible models were developed by them. Associative techniques were 

developed by Anderson and Kohonen which were independent of each other. Klopf 

(A. Henry Klopf, 1972) developed a basis for learning in artificial neurons. It was 

based on heterostasis which is the biological principle for neuronal learning. Werbos 

(Paul Werbos, 1974) developed the back-propagation learning method. Back-

propagation networks are the most well known and widely used neural networks 

today. Amari (A. Shun-Ichi, 1967) published a paper in which he established a 

mathematical theory for a learning basis (error-correction method) which dealt with 

adaptive pattern classification. While a step wise trained multilayer neural network for 

interpretation of handwritten characters was developed by Fukushima (F. Kunihiko). 

The original network was called the Cognitron and was published in 1975. 

 Re-Emergence: During the late 1970s and early 1980s a reemergence in the interest 

of the neural networks field occurred. This interest was influenced by several factors. 

For example, books and conferences provided a forum for people in different fields. 

And the response to these conferences and publications was very positive. The media 

started covering the increased activity in the field and academic programs appeared 

and courses were introduced in different universities (in US and Europe).  

 Today: Significant progress has been made in the field to attract funding for research. 

Progress beyond the available applications appear to be possible, researchers are 

working on different sides of the field. Neural based chips and applications to very 

complex problems are being developed.  
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4.3 Advantages of Neural Networks 

Whether its humans or other computer programs, they can use neural networks with their  

ability to make sense of complicated or imprecise data, to detect patterns that are too hard to 

be noticed. A trained neural network can be considered as an expert in the specific task whose 

information has been given to it. Advantages include:  

 Self Organization: An artificial neural network can create its own organization from 

the information it acquires during learning time. 

 Adaptive Learning: It has the ability to learn how to implement tasks based on the 

given data for training. 

 Real Time Operation: ANN computations may be carried out in parallel. Hardware 

devices are being designed to take advantage of this capability. 

 Fault Tolerance via Redundant Information Coding: Even small problems in a 

network can lead to degradation in performance. However, some network capabilities 

may be retained even with the major network damage. [14] 

4.4 Humans and Artificial Neurons 

 4.4.1 Learning Process in Human Brain 

Most of it is still a mystery as to how the brain trains itself to process information. In the 

human brain, a typical neuron collects signals from others via a host of fine structures called 

dendrites. 

  

  Fig- 4.1: Components of a Neuron 
 

A neuron sends out spikes of electrical activity through a long, thin stand known as an axon, 

which divides into thousands of branches. At the end of each branch, a structure called a 

synapse converts the activity from the axon into electrical effects that subdue or excite the 

activity in the connected neurons. When a neuron receives excitatory input that is sufficiently 

large compared with its inhibitory input, it sends a spike of electrical activity down its axon. 

Learning occurs by changing the effects of the synapses so that the influence of one neuron on 

other changes. [18] 
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  Fig 4.2: Location of Synapse. 

 

4.4.2 A Simple Neuron 

An artificial neuron is a device with many inputs and can have one or one output. It has two 

modes of operation, the training mode and the using mode.  

 In the training mode, the neuron can be trained to fire (or not), for particular input 

patterns. 

 When a learned input pattern is detected at the input in the using mode, its associated 

output becomes the current output. If the input pattern doesn‟t belong in the learned 

list of patterns, the firing rule is used to determine whether or not to fire. 

 

   Fig.4.3: A Simple Neuron 
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4.4.4.2.1 Firing Rules  

Firing rule is an important concept in neural networks. A firing rule determines how to 

calculate if a neuron should fire for any input pattern. It concerns all the input patterns, not 

just the ones on which the node was trained. A simple firing rule can be implemented by 

using the Hamming distance technique. The rule is as follows: 

Take a collection of training patterns for a node, some cause it to fire (the 1-learned set) and 

others which prevent it from doing so (the 0-learned set). Then the patterns not in the 

collection cause the node to fire if, in comparison, they have more input elements in common 

with the nearest pattern in the 1-learned set than with the nearest pattern in the 0-learned set. 

If there is a tie, then the pattern remains in an undefined state.  

4.5 Architecture of Neural Networks   

4.5.1 Network Layers  

The most common type of artificial neural network comprises of three groups or layers, a 

layer of input units is connected to a layer of hidden units, which in then connected to a layer 

of output units. [18], [19]. 

 The behavior of the input units represents the raw information which is fed into the 

network. 

 The behavior of the hidden units is determined by the activities of the input units and 

the weights on the connections between the input and the hidden units. 

 The activities of the output units depend upon the activities of the hidden units and the 

weights between the hidden and the output units. 

 

  Fig 4.4 Network layers  
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This simple type of network has hidden nodes which are free to construct their own 

representations of the input. The weights between the input and the hidden nodes determine 

whether or not the hidden node is active. And so by modifying the weights a hidden node 

chooses what it represents. 

We can also distinguish between a single layer and multi layer architecture. In single layer all 

the nodes are connected to one another, and represent the most common case and are of more 

potential computational power than hierarchically structured multi layered one. 

4.5.2 Feed Forward Network 

The feed forward network allows the signals to travel in one direction, i.e. from input to 

output. It doesn‟t have any feedback loops, i.e. the output of any layer doesn‟t have any effect 

on the same layer. These are simple networks that associate inputs with outputs. They are 

used extensively in pattern recognition and such an organization is also referred to as bottom-

up or top-down. 

 

   

              Fig. 4.5: Feed Forward Neural Network 

4.5.3 Feedback Network 

In feedback networks the information can travel either way, i.e. forwards and well as 

backwards, and it‟s done by introducing loops in the network. Such networks are more 

powerful but also very complicated. Such networks are quite dynamic and unless they reach a 

state of equilibrium, the „state‟ is changing continuously. Unless an input changes, these 

networks remain in the state of equilibrium. For that change, another equilibrium state needs 

to be found. The architecture of feedback network is also referred to as recurrent or 

interactive, although the former term is often used in denoting feedback connections in single-

layered organizations. 
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  Fig 4.6: Feedback Neural Network. 

4.6 Learning in Neural Networks 

The type of learning is determined by the fashion in which the changes in parameters take 

place. [15]. The learning methods used in neural networks can be classified into two 

categories: 

Supervised Learning which uses external supervision, so that each output unit is told what 

its desired response to input signals should be. Global information maybe is required during 

the learning process. Paradigms of supervised learning include error-correction learning (back 

propagation algorithm), reinforcement learning and stochastic learning.  

Unsupervised Learning uses no external supervision and uses only the local information 

available. This kind of learning is also called self-organization, in the sense that it itself 

organizes the data presented and detect their emergent collective properties. Paradigms of 

unsupervised learning are Hebbian learning and competitive learning. 

4.7 Overview of Backpropagation Algorithm  

Minsky and Papert (1969) showed that there are many simple problems such as exclusive-or 

problem which linear networks cannot solve. The argument here was that if such networks 

cannot solve such simple problems then how they could solve complex problems. Solutions 

for this problem were as follows: 

 Select appropriate “recoding” scheme which transforms inputs 

 Perceptron Learning Rule – Requires that you correctly “guess” an acceptable input to 

hidden unit mapping. 

 Back-propagation learning rule – Learn both sets of weights simultaneously. 

Back propagation is a type of supervised learning for multi-layer nets. Error data at the 

output is propagated backwards to the starting ones allowing incoming weights to these layers 
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to be updated. It‟s mostly used in the training algorithm in current neural networks. This 

algorithm was developed by Paul Werbos in 1974 and rediscovered independently by 

Rumelhart and Parker. Since its rediscovery, it‟s have been widely used as learning algorithm 

in the feed forward multilayer networks. 

The thing that makes back propagation algorithm different is the process by which the 

weights are calculated during the learning process. The difficulty with multilayer Perceptrons 

is that the calculation of weights of the hidden layers in an efficient way that results in the 

least output error. The difficulty increases with the increase in the number of hidden layers. 

The calculation of error is necessary for updating the weights. This error can be easily 

measured at the output; this is the difference between the actual and desired outputs. At the 

hidden layers, there is no direct observation of the error; hence some other technique must be 

used. The ultimate goal is the calculation of error at the hidden layers that will cause 

minimization of the output error. 

4.7.1 BACK-PROPAGATION LEARNING 

Such a network uses a feed-forward topology, supervised learning and back propagation 

learning algorithm. The re-emergence of neural networks in the mid 80s was largely due to 

the back propagation algorithm [19], [20] 

It‟s a general purpose learning algorithm which is quite powerful but is also complex in terms 

of computational requirements for training. With a single hidden layer a back propagation 

network can model any continuous function to any degree of accuracy (given enough 

processing nodes in the hidden layer). 

             

Fig 4.7 Back Propagation Network 
 

There are many variations of back propagation neural network and all claim their superiority 

to the basic network in one way or another. The „basic‟ back propagation network is still the 
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most common and widely used one. The two main advantages of a basic back propagation 

network are that it‟s very simple and easy to understand and it can be used in solving a wide 

range of problems. The basic back propagation algorithm consists of three steps. 

 The input layer is presented with an input pattern. These inputs are traversed through 

the network until they reach the output nodes. This forward passing of the inputs 

produce the actual or predicted output pattern.  

 Since it‟s a supervised learning algorithm, the desired outputs are given as part of the 

training vector. To get the error signal the actual network outputs are subtracted from 

the desired outputs.  

 These error signals calculated are the basis for the back propagation step. The errors 

are passed back to the network by computing the contribution of each hidden 

processing unit and deriving the corresponding adjustment needed to produce the 

correct output. The weights are then adjusted and the network learns like this.  

4.8 Use of Back Propagation Network 

One of the most common applications of ANN is in image processing. For example, 

identifying hand-written characters, performing data compression on an image with minimal 

loss of content, matching a photograph of a person‟s face with a different photo in a database. 

It could also be used in voice recognition; signature analysis, stock market prediction, 

RADAR signature analysis etc. All these applications involve a huge amount of data, and 

complex relationships between different parameters. 

It‟s important to note that with an ANN solution, you don‟t have to understand the entire 

solution at all. It‟s a major advantage of neural network approaches. With other techniques, 

you must understand the inputs, the algorithm, and the outputs in great detail to have any idea 

of implementing a workable solution. With neural networks, you simply show “this is the 

correct output, given this input”. Furthermore, it‟s ok to apply inputs that may turn out to be 

irrelevant to the solution- during the training process; the network will learn to ignore these 

inputs. On the other hand, if you leave out some important inputs, you will find out because 

the network will fail to converge on a solution. 

 4.9 Modulation Schemes 

The purpose of modulation is to take a message signal and superimpose it upon a carrier 

signal. The carrier signals are chosen to be on high frequency because of several reasons:  

 For easy propagation (low loss and dispersion) 

 So they can be transmitted simultaneously without interfering with other signals. 

 To enable the construction of small antennas. 

 To enable multiplexing (combine multiple signals and send them at the same time). 

[21] 

As in this thesis we are working on digital modulations only so we will only discuss digital 

modulation schemes. There are three basic types of digital modulation techniques, these are; 
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 Amplitude-Shift Keying (ASK) 

 Frequency-Shift Keying (FSK) 

 Phase-Shift Keying (PSK) 

A sinusoid has three different parameters, amplitude, frequency and phase which can be 

varied. And these techniques vary one or more parameters to send the information they 

require sending. Modulation is basically a process of mapping. For example we take a speech 

signal; we convert it into aspects of sin wave and then transmit that sin wave, not the actual 

speech signal. On the receiver end the sin wave is remapped to get the transmitted signal. [22] 

The sine wave needs some kind of a medium for traveling. This medium could be air, water or 

wires, depending on the situation and the requirements. The data or voice we need to transmit 

through this medium is known as the information signal. Since it doesn‟t have enough power 

so we superimpose it on another sine wave knows as a carrier. When the carrier is mapped 

onto the information signal, it becomes our signal, ready for transmission over a chosen 

medium. This signal is not received as it is at the receiver and noise is added to it. 

In ASK, everything else is kept the same but the amplitude of the carrier is changed in 

response to the information. Bit 1 is transmitted using one amplitude while 0 is transmitted 

using a different amplitude while keeping the frequency constant. On-Off keying is one form 

of ASK in which one amplitude is zero. 

 

Fig. 4.8 Baseband sequence- 0010110010 
 

Now, we multiply our sequence with a carrier wave before transmitting it.  

Ask (t) = s (t) sin (2πft) 
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           Fig. 4.9 Binary Ask Signal. 

 

In FSK, we change the frequency in response to the change in the baseband information. One 

frequency is used for representing bit 1 and another for bit 0. Taking the same baseband 

sequence as shown in fig. 5.1. 

Fsk (t) =   Sin (2πf1t) for bit 1 

               Sin (2πf2t) for bit 0     

The frequency f1 is used for bit 1 and f2 for bit 0. It must be noted that f1 is higher frequency 

than f2. 

 

           Fig. 4.10 Binary FSK Signal. 

 

In PSK, we change the phase of the signal to indicate change in information sequence. Phase 

here means the starting angle of the sinusoid. For example we are transmitting bit 1 at a 

certain angle, to transmit bit 0 we change the phase of the sinusoid by 180
o
. Shifting of the 

phase means a change in the information.  

 

Psk (t)=        Sin (2πft)  for bit 1 

                     Sin (2πft + π)  for bit 0 
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           Fig. 4.11 Binary PSK Signal. 

 

ASK and PSK are both combined to create a hybrid system called Quadrature Amplitude 

Modulation (QAM). In QAM both phase and amplitude are changed at the same time. 
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CHAPTER 5: IMPLEMENTATION 

 

5.1 Overview 

In this project, we design and develop modulation signal recognition using artificial neural 

network (ANN). We work on 7 different modulation signals named '2ask'; '2psk'; '2fsk'; 

'4ask'; '4psk'; '4fsk' and „16qam‟. Firstly, we produce those signals and represent each signal 

as a vector. A random number generator has been used to generate the signals [23]. After that, 

we add some noise into the signals. We can control the SNR of noise also. Next, we train a 

neural network by back propagation algorithm to recognize those signals. Finally, we test the 

performance of the trained system by a testing datasets. It can be noted here, the training and 

test datasets are different. 

The use of Neural Networks has made the recognition process easier as well as more reliable. 

The old method of using the decision theoretic (DT) approach where a suitable threshold 

should be chosen for each key feature manually is difficult and very time consuming. 

Whereas the neural network chooses the threshold at each node automatically. In DT 

algorithms, at a time only one key feature is considered which mean that the time ordering of 

the key features plays an important role in probability of the correct decision [1]. While in 

ANN algorithms all the key features are considered at the same time. So the time order of the 

consideration of the key features doesn‟t affect the probability of the correct decision. 

Therefore, ANN is a preferred method for deducing the modulation type as compared to DT 

method. 

5.2 Simulation Method 

The simulations performed for this project have been carried out in MATLAB. The entire 

project has been divided into three parts  

 Feature Extraction 

 Main Program 

 Recognition Process 

The signals have been taken in a specific order i.e 2ask,2Psk,2Fsk,4Ask,4Psk,4Fsk,16Qam. 

Using this sequence of signals the signal id (1 to 7) is assigned while generating the training 

and testing datasets. The data for training and testing is separately written into two files name 

“Training” and “Testing”. Before the data is divided into separate files, we take decide on 

how much the number of total sample is. Signal of a specific type is produced and noise is 

added to it. As the common practice is to take AWGN, so that‟s what has been taken here as 

well. The value of signal to noise ratio (SNR) is set by the user. It can be changed to a lower 

or higher value later on. Next, feature extraction is done and finally the feature vector of the 

signal is written to the corresponding file depending on whether it‟s a training sequence or a 

testing one. 

User the flexibility of changing number of samples in both training and testing datasets. But 

before doing so, it must be made sure that the main dataset file is altered accordingly. In this 
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project the size of the dataset is 150, so there will be total 150 samples per signal in total in 

both training and test file. The number of training samples per signal is set to 80. This number 

can be increased or decreased depending on the requirement of the user. During all the 

simulations performed for this project, this value has been kept constant .i.e. 150 samples per 

each signal, out of which the first 80 are used for training and the remaining 70 for testing.   

5.3 Features Extraction 

It is a very important step for any recognition problem. To train any system we need to 

represent every sample by its representative feature set. In the literature, as explained in 

earlier chapters, many feature extraction processes are described for modulation signal 

recognition. In this project we work on the following feature set 

 

 Maximum value of the power spectral density (Gamma_Max) 

 Standard deviation of the absolute value of the instantaneous phase (Sigma_ap) 

 Standard deviation of the direct value of the instantaneous phase (Sigma_dp) 

 Standard deviation of the absolute value of the instantaneous frequency (Sigma_af) 

 Standard deviation of the absolute value of the instantaneous amplitude (Sigma_aa) 

 Maximum value of the power spectral density of instantaneous frequency 

(Gamma_max_f) 

For each of the 7 signal types, we extract these 6 features. So, any signal can be represented 

by 6 features i.e. 6 element vector for one signal. 

5.4 Selection of Features 

In this project we have taken the most commonly used 5 features (Gamma_Max Sigma_ap 

Sigma_dp Sigma_af Sigma_aa) then added another feature (Gamma_Max_f) to see the effect 

on the outcome of the results. Furthermore, the 5 commonly used features have been reduced 

to 4 by deleting one feature at a time and checking for different SNR values to see if we could 

get a desirable result by decreasing the complexity instead of increasing it by adding extra 

feature(s). It must be noted that the addition of a feature adds more complexity to the network, 

even though it provides the network with more data but our main goal is better results with 

less complexity. That is the reason for taking 4 features for different SNR values and different 

structured networks to see if they could be used instead of using 5 or more features.  

It must be noted that selection and extraction of features is a very important step in the 

process of modulation recognition. If it is not done properly, the results could be far from 

being anywhere near the acceptable percentage. 

5.5 Neural Network Structure  

The modulation recognition process based on neural network requires testing different 

architectures in order to reach an acceptable decision accuracy. The selection of the network 

parameters is based on the structure that gives the maximum probability of correct decisions. 
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The recognition based on ANN approach is divided into three blocks. These are 1) pre-

processing in which all the key features are extracted and saved into a file, 2) the training 

phase, 3) the testing phase to make a decision about the type of the modulated signal. 

Each value presented later on in the chapter has been realized from running each simulation 

50 times and taking the average of the 50 results and presenting it. The different levels of 

SNR used are 5db, 10db and 15db. For further explanation a network based on thresholding 

method has also been created and the results of which will be compared to ANN method later 

on in the chapter. 

5.5.1 Training Phase  

The main goal of the training phase is for the network to find the optimum weights and biases 

to minimize the error between the network output and the correct decision. There are different 

methods for reduction of the error namely Back propagation, Hebbian learning, competitive 

learning etc. A well known criteria is the minimum mean squared error between the network 

output and correct decision. Also, there are different types of learning such as supervised, 

unsupervised and self-organized learning [2]. 

In this project both back propagation and supervised learning are used for the development of 

ANN modulation recognition algorithm. As there are different algorithms based on back 

propagation method, the one used here is the Levenberg-Marquadt algorithm. Two different 

types of networks are considered: 1) ANNs with a single hidden layer, and 2) ANNs with two 

hidden layers. 

The training data we get after execution of the main program contains both the feature values 

and its corresponding signal id. Here, the feature values are inputs and signal ids are targets 

for training. This training data is split into two separate variables, inputs and targets. As the 

ANN has 7 neurons in the output layers thus the output target for each neuron is saved in the 

targets variable. 

Here, is an example: 

 

This is a row from training sample. 

2.393733    0.934178    1.935632    9.991438    0.246040    3008319.064985    5 

 

the first 6 elements of this row are feature values. So, 

2.393733    0.934178    1.935632    9.991438    0.246040    3008319.064985 these values are 

input values for 6 neurons of the input layer. The 7th element of the sample is 5, which means 

this is a sample of the 5th signal type, i.e. 4psk signal. So, the target variable will be like this: 

0 0 0 0 1 0 0 

It  can be seen that the 5th element is 1 and others are zero. These values are the targets of the 

output layer neurons for this sample input. Now, for all the samples in the training dataset file, 

the same thing should be done.  

After that, a feed forward network is built. As the Levenberg Marquardt algorithm has been 

used so the weights and biases are updated according to its optimization. Moreover, this is the 
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fastest back-propagation algorithm, and is highly recommended as a first-choice supervised 

algorithm. However, the user can change the algorithm according to the requirements.  

 

The order in which in signals is taken is as follows 

 2ASK 

 2PSK 

 2FSK 

 4ASK 

 4PSK 

 4FSK 

 16QAM 

The order in which the key features are used as inputs is 

 Gamma max 

 Sigma ap 

 Sigma dp 

 Sigma aa  

 Sigma af 

 Gamma max_f 

Explanation of these key features is given in the previous chapters. 

5.5.2 Testing Phase  

In the testing phase, the network only needs the weights and biases from the training data. 

Again, the training and testing are both done by taking 50 realizations of each value at each 

SNR (5db, 10db and 15db). Now with the introduction of neural network toolbox into 

MATLAB, all the weights and biases are done internally by the toolbox itself so we don‟t 

have to do each one manually.  

As testing should be done by using a trained network so we take the data from the previously 

trained network. A matrix is created representing the output of the neurons of the output layer. 

For example, if 7 signals are used and there are 7 neurons in the output layer then each 

column of the matrix will have 7 values. Next is to find the index of the maximum value of 

each column. For each column, one index value is obtained which is the predicted signal id of 

the test phase. This output must be saved. As explained in the training phase, the last column 

of the data shows the desired output. And the index contains the network‟s predicted output so 

the desired output and the network output must be used to calculate the performance.  

The data division is random which seperates the data into three sets: training, validation and 

testing which is done by the NN toolbox. The performance is measured in terms of  Mean 

Squared Error (mse), a network performance function. It measures the network's performance 

according to the mean of squared errors. Such performance measure is used while updating 

the weights of NN. An epoch is the number of iterations used in training.  
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Outcome of the methods provided in the thesis: 

1.     We do not have any fixed specific expected error rate. Our goal is to minimize error rate 

in different epochs. After some epochs we check how the algorithm is able to reduce the error. 

2.     We found that NN is able to minimize the error rate significantly. We are able to achieve 

good recognition rate. 

3.      As NN is able to maintain good recognition rate even after adding different levels of 

noise so it can be said that NN has the fault tolerant capability. 

5.6 Dataset Description  

Separate dataset for training and testing is prepared. For training, 80 signals of each signal 

type are produced. So, in total there are 80*7 = 560 signals. The training dataset is prepared 

after feature extraction of all signals. Each sample of the dataset is in a row, where each row 

has 6 feature values and one signal id. For testing, 70 signals for each signal type are used. So, 

the testing dataset contains 70*7 = 490 signals. 

5.7 Choice of Architecture 

In this section two algorithms for modulation recognition are presented. It must be noted that 

in this project only digital signals have been used. No analogue signals are part of this project. 

The difference between the two algorithms is in the number of hidden layers. The first 

algorithm has a single hidden layer with different number of neurons and the second 

algorithm has 2 hidden layers with different combinations of neurons. 

For this project, we define a network with 1 input layer, 1 or 2 hidden layers and 1 output 

layer. The number of neurons in the input layer is equal to the number of different features 

used. We have used to the maximum of 6 features, so in input layer there are 6 neurons. If we 

use 5 features then there will be 5 neurons in the input layer and 4 neurons in the input layer 

when we use 4 features. For the first algorithm, which has one hidden layer, different number 

of neurons has been taken which is 1,5,10 and 15.  Same is the case with two hidden layers. 

The combination of neurons taken in case of two hidden layers is (7-5), (7-7), (10, 7), (10, 10) 

and (12, 12). The first number corresponds to the number of neurons in the first hidden layer 

and the second number to the number of neurons in the second hidden layer. 

 The number of neurons in the output layer is equal the number of different signals. In the 

project, we recognize 7 signals so 7 neurons in the output layer. If there were only 6 signals 

then there will be 6 neurons in the output layer. 

 

For each neuron, one bias input is obtained. Update the bias weight as well as the other 

weights by back-propagation algorithm. The bias initialization and its weight update is done 

by the NN toolbox internally.  
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5.8 Performance Evaluations 

In this section the performance of all the simulations performed will be presented. It must be 

noted that for each evaluation, each simulation has been run 50 times and the average of that 

has been taken. It must be noted that first the performance of 5 key features with 6 modulation 

types is taken and presented here after comparison with previous works [1] [3] [23]. The data 

produced here was added after it was found close enough to previous works.  

5.8.1 Performance of a Single Hidden Layer 

In the single hidden layer network, different numbers of neurons have been tested. We start 

with the evaluation for the one neuron and keep on increasing it. 

5.8.1.1.1 One Neuron in a Single Hidden layer for Five Features 

In this single hidden layer with one neuron network containing 5 node input layer, a 6 node 

output layer. The 5 inputs are the key features (Gamma max, Sigma ap, Sigma dp, Sigma aa, 

Sigma af) and the 6 output layers are (2Ask,2Psk,2Fsk,4Ask,4Psk,4Fsk). The six digital 

modulated signals are taken at an SNR of 5db, 10db and 15db. The number of epochs for this 

has been set to 1000.  

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

42.8% 47.2% 29.9%  30% 23.2% 8% 

Recognition 
rate 10db 

47.7% 48% 31.9%  32% 27.6% 14.5% 

Recognition 
rate 15db 

48.1% 49% 36.1% 35.2% 31.6% 14.6% 

  Table 5.1 for one neuron, 5 features 

As it is very clear from the above table that the performance of a single neuron in one hidden 

layer is quite poor even at high SNR values of 15db. Such a network is of no use to anyone as 

the recognition rates provided are not acceptable. 

5.8.1.1.2 Five Neurons in a Single Hidden layer 

In this single hidden layer with five neurons, the network contains 5 node input layer, a 6 

node output layer. The six digital modulated signals are taken at an SNR of 5db, 10db and 

15db. All the data is the same as was for one neuron; just the number of neurons in the hidden 

layer has increased to 5. 
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Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

96% 99.2% 90% 91.3% 94% 80.8% 

Recognition 
rate 10db 

97.3% 99.6% 90.4% 92% 94% 81% 

Recognition 
rate 15db 

98.8% 99.8% 89.9% 92.3% 94.4% 81.1% 

  Table 5.2 for five neurons, 5 features 

As it‟s clear from the table 5.2 that the recognition rate of 5 neurons in a single hidden layer is 

much better than one neuron. As we increase the SNR, the recognition rate increases. Still, for 

2FSK and 4FSK the recognition rate is low, especially for 4FSK. From the table it can be 

safely concluded that 5 neurons in a single hidden layer don‟t give an acceptable recognition 

rate. 

5.8.1.1.3 Ten Neurons in a Single Hidden layer 

The data is the same as used in the above two sections except that here 10 neurons in the 

hidden layer is used.  

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

97.2% 99.4% 85.2% 86.5% 94.4% 89.8% 

Recognition 
rate 10db 

97.9% 99.5% 97% 97.2% 98.3% 97.2% 

Recognition 
rate 15db 

99.1% 99.8% 100% 99.8% 99.6% 99.1% 

  Table 5.3 for ten neurons, 5 features 

The table 5.3 clearly indicates that the performance of 10 neurons in a single hidden layer is 

much better than the previous two examples of 1 and 5 neurons. For SNR 5db, the 

performance is that very good but considering that it is a low signal to noise ratio, the 

performance is considered reasonable. As the value of SNR increases the performance of the 

network also increases. The overall performance for SNR 10db is 97.9% which is very good 

whereas the overall performance for SNR 15db is 99.5% which is excellent performance. 

Judging by the performance of 10 neurons in a single hidden layer, it can be said that at SNR 

values of 10db or higher, this network will perform very well but at low SNR values like 5db 

or below, the network performance will degrade very rapidly 

5.8.1.1.4 Fifteen Neurons in a Single Hidden layer 

Again, the specifications are the same i.e. 5 node input layer, a 6 node output layer and 1000 

epochs. 
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Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

96.5% 99.3% 88.1% 89.7% 96.7% 91.7% 

Recognition 
rate 10db 

98.3% 99.8% 99% 99.4% 98.9% 98.9% 

Recognition 
rate 15db 

99.2% 99.9% 100% 99.9% 99.3% 99.2% 

   Table 5.4 for fifteen neurons, 5 features 

From the produced recognition rates, it can be said that both 10 neurons in a single layer and 

15 produce almost the same results. For SNR 5db, the recognition rate is a little low while for 

10db and 15db it is very good. For low SNR, this network is not preferable to use. Since the 

recognition rate of 10 and 15 neurons in a single layer is almost the same, it is better to use 10 

neurons based network because it is less complex.   

5.8.1.2.1 One Neuron in a Single Hidden layer for Six Features 

In this single hidden layer with one neuron, the network contains 6 node input layer, a 6 node 

output layer. The 6 inputs are the key features (Gamma max, Sigma ap, Sigma dp, Sigma aa, 

Sigma af, Gamma max_f) and the 6 output layers are (2Ask,2Psk,2Fsk,4Ask,4Psk,4Fsk). The 

six digital modulated signals are taken at an SNR of 5db, 10db and 15db. The number of 

epochs for this has been set to 1000. 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

30.2% 45.2% 31.8%  32.1% 37.1% 19.2% 

Recognition 
rate 10db 

31.8% 46% 32%  33.8% 37.7% 21% 

Recognition 
rate 15db 

43.1% 52.2% 33.1%  33.9% 38.5% 22.2% 

  Table 5.5 for one neuron, 6 features 

With the introduction of a new feature (Gamma max_f) the recognition rate doesn‟t change 

much. But since it‟s just one neuron in the hidden layer so the results can‟t be expected to be 

good. As we can see, even with the increase of SNR, the recognition rate has dropped. The 

reason for this could be that as the numbers of features have increased, so maybe the testing 

values for two or more features are nearly the same which could create problems for the 

network in differentiating the type of signal it corresponds to or the network needs a bigger 

dataset as a features have increased.  

Comparing these results to the ones produced by 5 features with a single neuron in a hidden 

layer, we see that the results are almost the same, only there is a small increase in the 

recognition rate for 2PSK. The rest of the recognition rate for both the networks is almost 

identical. 
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5.8.1.2.2 Five Neurons in a Single Hidden layer 

The specifications of this network slightly differ from the previous one. Basically, the 

difference is in the number of neurons in the hidden layer. In this network the numbers of 

neurons in the hidden layer are 5. 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

98% 99.2% 90.1%  91.5% 94.4% 77.3% 

Recognition 
rate 10db 

97.8% 99.7% 91%  91.9% 97.9% 85.1% 

Recognition 
rate 15db 

99.7% 100% 94.6%  96.1% 98.3% 85.5% 

  Table 5.6 for five neurons, 6 features 

Increasing the number of neurons from 1 to 5 has increased the recognition capability quite a 

bit. In fact, for a higher SNR of 15db, the recognition rate can be considered good except for 

4FSK, where the recognition rate is in the mid 80s. 

Comparing these results to the original 5 features, we see that there is not much difference in 

the results. Only a few points increase in the recognition rate of 4FSK but still this increase is 

not enough for the result to be considered good. 

5.8.1.2.3 Ten Neurons in a Single Hidden layer 

The following results are taken for 6 key features with 6 output layers. The network has a 

single hidden layer with 10 neurons in it. 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

98% 99.1% 85.8%  88.7% 97% 91% 

Recognition 
rate 10db 

98.3% 99.5% 99%  99.1% 99% 99% 

Recognition 
rate 15db 

99% 99.8% 100%  99.8% 99.6% 99.4% 

  Table 5.7 for 10 neurons, 6 features 

For a low SNR of 5db the recognition rate for 2ASK, 2PSK and 4PSK is very good. As the 

value of SNR increases the recognition rate of the other three signals 2FSK, 4ASK and 4FSK 

also increases.  

So far the increase in the number of key features hasn‟t produced any significant changes. The 

output is almost the same as that produced by 5 features. Here again, for ten neurons the 

results produced are nearly the same as produced by 5 features. There is no significant 
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improvement in the results apart from a couple of points increase in the values of 2FSK, 

4ASK and 4FSK.  

5.8.1.2.3 Fifteen Neurons in a Single Hidden layer 

Increasing the number of neurons in the previous network while keeping the rest of the 

network features as they are.  

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

98% 99.4% 87.1%  89.6% 97.1% 90.5% 

Recognition 
rate 10db 

98.2% 99.6% 98.1%  97.8% 98.6% 98.5% 

Recognition 
rate 15db 

99.4% 99.7% 100%  99.7% 99.4% 99.1% 

  Table 5.8 for 15 neurons, 6 features 

The performance doesn‟t change much by increasing the number of neurons in the hidden 

layer. So, it is better to use a network with 10 neurons in the hidden layer rather than 15 as the 

complexity of the previous network is less as well as the time taken by ten neurons is less than 

15.  

After observing the result it can be concluded that for a single hidden layer, a network having 

10 neurons will perform better than 1, 5 or 15 neurons. Also the addition of a sixth feature 

hasn‟t yielded any significant results. So, it is better to use the original 5 features for 

recognition for 6 digital modulated signals. The sixth feature only adds complexity to the 

network while not helping in increasing the percentage of the results. 

5.8.1.3 Thresholding Method 

In this section the old method for modulation recognition based on selecting the threshold 

values manually is presented. This method is very time consuming as the user must have to 

manually select the threshold level. Also, in this method one feature is selected at a time. So 

the probability of the correct decision depends upon the time ordering to the features along 

with the probability of correct decision derived from the key features. 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 
rate 5db 

93% 88% 96.6%  18% 55% 30% 

Recognition 
rate 10db 

94% 94.7% 98.7%  100% 57.3% 100% 

Recognition 
rate 15db 

98.67% 92.7% 100%  100% 82.66% 97.3% 

  Table 5.9 Threshold Method 
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Comparing these results with a neural network having 5 key features as inputs and 6 output 

layers with two hidden layers having 12 neurons in each layer. For all three different SNR i.e. 

5db, 10db and 15db, the performance of ANN is much better.  

In the next section another modulation type QAM will be added to the existing six features 

and will first be checked for 5 features and then 6 to see which network gives a better result. 

 5.8.1.4 Single Hidden layer for 16QAM  

In this single hidden layer with one neuron network containing 5 node input layer, a 7 node 

output layer. The 5 inputs are the key features (Gamma max, Sigma ap, Sigma dp, Sigma aa, 

Sigma af) and the sixth feature used for table 5.28 is (Gamma max_f). The 7 output layers are 

(2Ask, 2Psk, 2Fsk, 4Ask, 4Psk, 4Fsk, 16Qam). The seven digital modulated signals are taken 

at an SNR of 5db, 10db and 15db. The number of epochs for this has been set to 1000.  

No. Of Neurons Recognition rate at 
SNR 5db  

Recognition rate at 
SNR 10db  

Recognition rate 
at SNR 15db  

1 15% 14.2% 19.9% 

5 17.8% 30.5% 59.1% 

10 76.7% 93.3% 99.5 

15 78.2% 99.5% 100% 

  Table 5.10 16QAM values for 5 features 

 

No. Of Neurons Recognition rate at 
SNR 5db  

Recognition rate at 
SNR 10db  

Recognition rate at 
SNR 15db  

1 19% 19.3% 20% 

5 16% 21.7% 42.8% 

10 77.1% 99% 99.7% 

15 77.7% 99.1% 99.9% 

  Table 5.11 16QAM values for 6 features 

Table 5.10 and 5.11 show the recognition rates for 16Qam for five and six features 

respectively. As can be seen from both the tables that increasing the number of features 

doesn‟t play a very significant role in improving the recognition rate. The only significant 

change that can be for 5 neurons in the hidden layer having six features which shows 

improvement in the recognition rate as compared to five featured network.  

5.8.1.5 Feature Reduction 

In this section the reduction of the original five features (Gamma max, Sigma ap, Sigma dp, 

Sigma aa, and Sigma af) is done one by one. Which means that the first one of the features is 

removed and the network is tested and then another one is removed and the network is tested 

again and so on for all the features? This reduction process yields 5 different combinations of 

features. All these five will be tested in a single and double hidden layered network with 

different number of neurons for different SNRs. 
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5.8.1.5.1 Removing First Feature (Gamma max) 

By removing Gamma max, a combination of four features is left. This means that the input 

layers taken will be four and the number of outputs is 7. This combination (Sigma ap, Sigma 

dp, Sigma af, and Sigma aa) was repeated 50 times for different SNRs i.e. 5db, 10db, 15db. 

The average of the 50 simulation runs is presented here.  

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

26.1% 47% 36%  35% 36.1% 11% 13% 

Recognition 
rate 10db 

30% 47.3% 36.3%  35.6% 36.5% 15.7% 13.4% 

Recognition 
rate 15db 

31% 47.6% 37.2%  36.7% 35.9% 16% 20% 

  Table 5.12 Without Gamma max, 1 neuron 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

92% 98% 80%  82.2% 94.6% 83.2% 32% 

Recognition 
rate 10db 

96% 99% 82.6%  85.7% 95.7% 84.1% 39% 

Recognition 
rate 15db 

96.2% 99.4% 86%  89% 95.9% 85% 55.9% 

  Table 5.13 Without Gamma max, 5 neurons 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

96% 98.3% 86.6%  88.4% 96.1% 92% 79.1% 

Recognition 
rate 10db 

98% 99% 99%  98.4% 98.8% 98.4% 98% 

Recognition 
rate 15db 

98.5% 99.8% 100%  99.5% 99.4% 99.2% 99.2% 

  Table 5.14 Without Gamma max, 10 neurons 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

96% 98% 86.1%  88.6% 96.1% 92.5% 79.1% 

Recognition 
rate 10db 

97.1% 98.8% 98%  98% 98.7% 99% 97.9% 

Recognition 
rate 15db 

99% 99.8% 99.8%  99.7% 99.5% 99.1% 100% 

  Table 5.15 Without Gamma max, 15 neurons 

Table 5.12 shows that the recognition rates for one neuron in the hidden layer even at a high 

snr of 15db are not good. As the network only operates on four features, it finds it difficult to 
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differentiate between different signals having only one neuron. Therefore the number of 

neurons has been increased to 5 to see how much improvement occurs. 

Table 5.13 shows the recognition rates for 5 neurons in a single hidden layer. There is a 

significant improvement in the recognition of 2Ask, 2Psk, 2Fsk, 4Ask, 4Psk, and 4Fsk but the 

network is still struggling with the recognition of 16Qam.  

Again the number of neurons has been increased to 10 and then 15. The table 5.14 and table 

5.15 both show almost identical results meaning that both 10 neurons in a single hidden layer 

and 15 give almost the same results. For decreasing the complexity of the network, it is 

suggested to use 10 neurons. Moreover, with the increase in SNR values the recognition rate 

improves rapidly, especially for 2Fsk, 4Ask and 16Qam. At SNR 10db, the overall 

recognition rate of 10 neurons is 98.5% while at 15 db it is 99.3%.  

5.8.1.5.2 Removing Second Feature (Sigma ap) 

Removing Sigma ap from the original five features leaves (Gamma max, Sigma dp, Sigma af, 

Sigma aa).The input is again 4 but simply adding „Gamma max‟ and removing „Sigma ap‟ 

while keeping the output as 7 signals. Simulations are carried out 50 times for each SNR i.e. 

5db, 10db, 15db. Separate simulations are carried out for different number of neurons in the 

hidden layer i.e. 1, 5, 10 and 15.  

  Table 5.16 Without Sigma ap, 1 neuron  

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

90.1% 96.6% 79.6%  82.8% 92.6% 76% 31.1% 

Recognition 
rate 10db 

98% 97.9% 82.7%  87.3% 92.8% 79% 50% 

Recognition 
rate 15db 

99% 97% 94.3%  96.3% 93.8% 79.8% 50.1% 

  Table 5.17 Without Sigma ap, 5 neurons 

 

 

 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

44.3% 31% 30.6%  37% 33.3% 13.4% 12.1% 

Recognition 
rate 10db 

44.7% 42% 31.1%  37.2% 37.4% 15% 12.9% 

Recognition 
rate 15db 

47.3% 44.5% 31%  37.5% 37.6% 15.2% 14.1% 
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Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

94.1% 98% 87.1%  86.3% 94.3% 91.1% 78% 

Recognition 
rate 10db 

97.4% 99.1% 99%  99.1% 98.7% 98.7% 99.1% 

Recognition 
rate 15db 

98.8% 99.7% 100%  99.7% 99.3% 99% 99.3% 

  Table 5.18 Without Sigma ap, 10 neurons 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

95.3% 98.1% 86.3%  88.4% 95.3% 91.8% 79% 

Recognition 
rate 10db 

98.1% 99.3% 99.2%  99.3% 98.3% 98.7% 98% 

Recognition 
rate 15db 

98.8% 99.6% 100%  99.7% 99.5% 99.4% 99.6% 

  Table 5.19 Without Sigma ap, 15 neurons 

From the tables in this section, it is clear that increasing the number of nodes in the hidden 

layer increases the probability of recognition rate. Also increasing the SNR increases the 

recognition rate but it is common knowledge that the higher the value of the signal to the 

noise, the better will be the recognition rate. So the focus shifts to the number of neurons in 

the hidden layer. Having 1 neuron in a single hidden layer, the network has the output rate of 

recognition very bad. Increasing that number to 5, the recognition rate also increases. But 

even then the network has difficulty in recognizing 16Qam and 4Fsk. It is only at SNR 10db 

or higher that the network of both 10 neurons and 15 perform well and the recognition rates 

are high.   

5.8.1.5.3 Removing Third Feature (Sigma dp) 

The data for this section is the same as the previous one; the only difference is the 

combination of key features selected. In this section the third key feature (Sigma dp) has been 

removed and „Sigma ap‟ has been added back. The key features here are (Gamma max, Sigma 

ap, Sigma af, Sigma aa). 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

41.1% 45.2% 32.2%  33.7% 32.9% 9.8% 9.6% 

Recognition 
rate 10db 

41.9% 45.2% 31.1%  37.3% 35.6% 9.8% 14.9% 

Recognition 
rate 15db 

46.2% 45.6% 31.5%  37.9% 35.4% 13.1% 15% 

  Table 5.20 Without Sigma dp, 1 neuron 
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Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

94.7% 98.6% 89.2%  90.2% 91.4% 66.2% 15% 

Recognition 
rate 10db 

95.7% 99.4% 93.3%  94.5% 95.9% 79.3% 28% 

Recognition 
rate 15db 

99% 99.1% 94.3%  94.8% 95.9% 80.6% 50% 

  Table 5.21 Without Sigma dp, 5 neurons 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

95.8% 99.3% 86.5%  88.6% 92.6% 81% 74.3% 

Recognition 
rate 10db 

97.6% 99.7% 99.8%  99.3% 97.5% 96.1% 98.7% 

Recognition 
rate 15db 

98.7% 99.8% 100%  99.6% 99.2% 98.2% 99.9% 

  Table 5.22 Without Sigma dp, 10 neurons 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

95.3% 99% 87.1%  88.6% 92.6% 83.5% 77.2% 

Recognition 
rate 10db 

97.5% 99.3% 98.8%  99.1% 97.8% 96.5% 99% 

Recognition 
rate 15db 

98.2% 99.9% 100%  99.7% 99.1% 98.1% 99.8% 

  Table 5.23 Without Sigma dp, 15 neurons 

 

Removal of „Sigma dp‟ does show much difference in the results from the removal of the first 

two features namely „Gamma max‟ and „Sigma ap‟. This network as the previous two gives 

good recognition probabilities for a greater number of neurons in the hidden layer and at a 

higher SNR. So far, it is clear that if the value of SNR is 10db or higher, a combination of 

four features will yield good results.  

5.8.1.5.4 Removing Fourth Feature (Sigma aa) 

Removing Sigma aa from the original five features leaves (Gamma max, Sigma dp, Sigma af, 

Sigma ap).The input is again 4 but simply adding back „Sigma dp‟ and removing „Sigma aa‟ 

while keeping the output as 7 signals. Simulations are carried out 50 times for each SNR i.e. 

5db, 10db, 15db. Simulations are carried out for different number of neurons in the hidden 

layer i.e. 1, 5, 10 and 15.  
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Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

44% 50.4% 29.8%  33% 26.5% 8.8% 10% 

Recognition 
rate 10db 

44.2% 52.5% 39.7%  35.9% 28% 9% 14.3% 

Recognition 
rate 15db 

45% 55.1% 40.5%  37.3% 31% 11% 20.2% 

  Table 5.24 Without Sigma aa, 1 neuron 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

85% 96% 83%  83.6% 79.9% 57.6% 19.4% 

Recognition 
rate 10db 

85.4% 96.8% 84.8%  84% 84.7% 81.9% 28.2% 

Recognition 
rate 15db 

94.6% 99.1% 85.8%  85.1% 95.1% 85.3% 30.9% 

  Table 5.25 Without Sigma aa, 5 neurons 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

86.1% 97.5% 80.9 %  79.6% 85% 76.5% 55.7% 

Recognition 
rate 10db 

85.6% 97.9% 94%  88.3% 89.2% 90% 81% 

Recognition 
rate 15db 

94.1% 98.8% 97%  94.7% 94.3% 95.3% 89.7% 

  Table 5.26 Without Sigma aa, 10 neurons 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

86% 96.4% 78.9%  79.9% 86.3% 77.5% 63.4% 

Recognition 
rate 10db 

90.5% 96.6% 93.2%  88.6% 88% 91% 81.4% 

Recognition 
rate 15db 

94.4% 99.3% 98.8%  95.1% 95% 96.2% 92.6% 

  Table 5.27 Without Sigma aa, 15 neurons 

Removal of „Sigma aa‟ makes it difficult for the network to perform the recognition 

especially for QAM and ASK signals. Only at an SNR of 15db or higher can the recognition 

rate for all the 7 signals be considered good. From the tables in this section it is clear that 

without the presence of „Sigma aa‟ the network struggles to identify 16QAM signal easily. It 

also struggles with ASK signals but not as much as QAM signal.  
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 5.8.1.5.5 Removing Fifth Feature (Sigma af) 

The data for this section is the same as the previous one; the only difference is the 

combination of key features selected. In this section the last key feature (Sigma af) has been 

removed and „Sigma aa‟ has been added back. The key features here are (Gamma max, Sigma 

ap, Sigma aa). 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

38% 45% 27.3%  28.9% 32.1% 13% 16.1% 

Recognition 
rate 10db 

43.4% 45.6% 33.9%  36.1% 32.6% 11.8% 14.5% 

Recognition 
rate 15db 

47.8% 45.9% 34.7%  29.7% 31.2% 12.5% 14.8% 

  Table 5.28 Without Sigma af, 1 neuron 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

96% 98% 82%  84.7% 85.5% 58.6% 21.5% 

Recognition 
rate 10db 

97.9% 99.1% 97%  97% 86.8% 60.2% 41.4% 

Recognition 
rate 15db 

99.2% 99.1% 98.1%  97.8% 86.7% 59.9% 50% 

  Table 5.29 Without Sigma af, 5 neuron 

 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

97.1% 98% 85.8%  87.9% 91.8% 77.7% 70.9% 

Recognition 
rate 10db 

97.7% 99.1% 100%  99.3% 95.8% 91.9% 98.2% 

Recognition 
rate 15db 

98.5% 99.6% 100%  99.8% 98.8% 97.5% 99.6% 

  Table 5.30 Without Sigma af, 10 neurons 

Modulation 
type 

2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 
rate 5db 

96.1% 98% 85.4 %  87.1% 91.6% 79.8% 72.4% 

Recognition 
rate 10db 

98% 99.1% 99%  98.4% 96.6% 94.6% 98% 

Recognition 
rate 15db 

98.7% 99.8% 100%  99.6% 98.7% 97.3% 99% 

  Table 5.31 Without Sigma af, 15 neurons 
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As always, the recognition rate for one neuron in the hidden layer is poor. But with the 

increase in the number of neurons in the hidden layer, it increases rapidly, but the network 

finds it difficult to recognize 4FSK and 16QAM signals having 5 neurons. The recognition 

rate of this number of neurons is acceptable for the rest of the signals. Again with the increase 

in number of neurons to 10 the recognition rate increases. For SNR 10db or higher the 

recognition rates for all the modulation types in above 90% which is considered good. The 

recognition rate remains almost the same with increasing the number of neurons to 15.  

By reducing the number of key features to 4 and trying different combinations for different 

number of neurons in a single layer shows that the recognition rate is good for SNR 10db or 

higher. But as the values decrease from 10db, the combination of 4 features doesn‟t provide 

the network with enough data to produce a good recognition rate. Also removing a certain 

feature makes a certain signal(s) a little difficult to recognize, for example, with the removal 

of „Sigma aa‟ the network struggles considerably for SNR less than 10db in recognizing 

4FSK and 16QAM. Hence it depends on the user requirements which type of data is available 

for testing and the value of SNR.  

5.8.2 Performance of Multi layered Hidden Network 

In the multi value hidden layer network, different number of neurons have been tested with 

different combinations of neurons having different number of features as input. Which are as 

follows. 

5.8.2.1.1 Multi value Neuron with Two Hidden layer for Five Features 

In a network with multi value layer neuron consisting of 5 node input layer and 6 node output 

layers. The 5 inputs are the key features (Gamma max, Sigma ap, Sigma dp, Sigma aa, Sigma 

af) and the 6 output layers are (2Ask,2Psk,2Fsk,4Ask,4Psk,4Fsk). The six digital modulated 

signals are taken at an SNR of 5db, 10db and 15db. The number of epochs for this has been 

set to 1000. Now we will check results for different combinations of neurons which are (12 

12), (10 10), (10 7), (7 7) and (7 5) respectively. Each simulation was run 50 times so that we 

can get the recognition rate average value. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

96.20% 99.36% 87.40% 88.46% 95.56% 91.16% 

Recognition 

rate at 

10db 

98.56% 99.83% 99.93% 99.33% 98.83% 98.23% 

Recognition 

rate at 

15db 

99.03% 99.83% 100% 99.80% 99.33% 99.30% 

Table 5.32 (12 12) Neurons, five features 

As we can see from the table 5.32 at a combination of (12 12) multi value hidden neural 

network, with the increase in the value of SNR we get good recognition rate for the 

modulation schemes.  
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Now we will check values at (10 10) neuron combination by taking the same five features, we 

are here decreasing the number of neurons in order to see the effect on the network 

respectively. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

96.40% 99.56% 87.93% 89.36% 96.06% 92.93% 

Recognition 

rate at 

10db 

98.20% 99.86% 99.93% 99.50% 99.06% 98.90% 

Recognition 

rate at 

15db 

98.73% 100% 100% 99.83% 99.60% 99.33% 

Table 5.33 (10 10) Neurons, five features 

From the table 5.33 is it clear that in combinations of (10 10) neuron also wield good results. 

While comparing it to (12 12) neuron there is a little bit difference but it‟s not that large that it 

will affect our recognition rate. 

Now we will check values at (10 7) neuron combination by taking the same five features, 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

97.03% 99.23% 86.10% 88% 95.36% 91.46% 

Recognition 

rate at 

10db 

98.70% 99.70% 98.56% 98.43% 99.1% 98.8% 

Recognition 

rate at 

15db 

99.10% 99.83% 100% 99.93% 99.50% 99.06% 

Table 5.34 (10 7) Neurons, five features 

From the above table we can see that for SNR of 5db we got low values for 2FSK and 4ASK. 

For the combination of (10 7) neuron we increase the SNR the recognition rate of the signal 

also improves hence we can say at higher SNR we will get good recognition rate. 

Now we will check values at (7 7) neuron combination by taking the same five features, 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

96.60% 99.50% 86.36% 88.13% 96.50% 91.66% 

Recognition 

rate at 

10db 

97.86% 99.60% 99.86% 99.73% 98.83% 97.33% 

Recognition 

rate at 

15db 

98.90% 99.86% 100% 99.80% 99.53% 98.66% 

Table 5.35 (7 7) Neurons, five features 
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From the above table we can see again that for SNR of 5db we got low values for 2FSK and 

4ASK. For the combination of (7 7) neuron we increase the SNR the recognition rate gets 

better but at the same time we can see that by decreasing the number of neurons the 

recognition rate is also affected a little. 

Now we will check values at (7 5) neuron combination by taking the same five features. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

92.6% 99% 83.5% 84.3% 85% 73.9% 

Recognition 

rate at 

10db 

98.33% 99.83% 88.43% 89.03% 90.80% 75.50% 

Recognition 

rate at 

15db 

99.23% 99.90% 89.96% 92.06% 93.40% 76.63% 

Table 5.36 (7 5) Neurons, five features 

From the above table we can see that for SNR of 10db and 15db we got low values for 4FSK. 

For the combination of (7 5) neuron we increase the SNR the recognition rate further 

decreases hence decreasing number of neurons does affect the recognition rather. 

5.8.2.1.2 Multi value Neuron with Two Hidden layer for Six Features. 

In a network with multi value layer neuron consisting of 6 node input layer and 6 node output 

layers. The 6 inputs are the key features (Gamma max, Sigma ap, Sigma dp, Sigma aa, Sigma 

af Gamma max f) and the 6 output layers are (2Ask,2Psk,2Fsk,4Ask,4Psk,4Fsk),the rest of 

factors are kept same i.e. SNR 5db,10db,15db and number of epochs are 1000 as before. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

98.10% 99.30% 86.40% 88.70% 96.90% 92.26% 

Recognition 

rate at 

10db 

98.13% 99.73% 99.90% 99.63% 99.06% 98.40% 

Recognition 

rate at 

15db 

98.90% 99.76% 100% 99.83% 99.50% 99.16% 

Table 5.37 (12 12) Neurons, six features 

In the above table a new feature (Gamma max f) is added while comparing this with previous 

5 features as indicated in table (5.32) So we can see that by adding a new feature the 

recognition does not improve so much significantly. 
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Now we will check values at (10 10) neuron combination by taking the same Six features. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

97.76% 99.46% 86.30% 88.73% 97.10% 92.90% 

Recognition 

rate at 

10db 

98.56% 99.60% 99.90% 99.50% 98.93% 98.83% 

Recognition 

rate at 

15db 

99.16% 99.76% 100% 99.96% 99.43% 99.36% 

Table 5.38 (10 10) Neurons, six features 

If we compare this (10 10) neuron combination with (10 10) features as indicated in the table 

(5.33) we see slight improvement in recognition rate of 2ASK and slight decrease in value of 

4ASK at 5db SNR, the rest of the values don‟t have that much difference. 

Now we will check values at (10 7) neuron combination by taking the same Six features. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

98.50% 99.40% 88.50% 89.50% 96.70% 91.93% 

Recognition 

rate at 

10db 

98.33% 99.43% 99.93% 99.40% 99.13% 98.26% 

Recognition 

rate at 

15db 

99% 100% 100% 99.83% 99.3% 98.06% 

Table 5.39 (10 7) Neurons, six features 

Comparing with features as indicated in the table (5.39) we see at SNR 15db decrease for 

2ASK and the rest are almost same. Remember that we are trying to compare them on the 

basis of different features respectively i.e. 5 and 6. 

Now we will check values at (7 7) neuron combination by taking the same Six features. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

 96.46% 99.20% 85.16% 88.00% 95.26% 87.20% 

Recognition 

rate at 

10db 

95.26% 99.76% 100% 99.60% 99.60% 97.56% 

Recognition 

rate at 

15db 

99.13% 99.76% 98.66% 98.93% 98.86% 96.90% 

Table 5.40 (7 7) Neurons, six features 
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Comparing with features as indicated in table (5.40). We see that the recognition rate at 15db 

for 2FSK has dropped while the recognition rate at 5db for 2FSK and 4ASK for both 5 and 6 

features is below 90% which means it hasn‟t improved that much. 

Now we will check values at (7 5) neuron combination by taking the same Six features. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 

Recognition 

rate at 5db 

91.2% 92.33% 80.2% 81.43% 90% 70.9% 

Recognition 

rate at 

10db 

93.30% 94.10% 88.03% 89.13% 92.22% 73.14% 

Recognition 

rate at 

15db 

94.36% 94.36% 89.90% 93.23% 93.66% 75.26% 

Table 5.41 (7 5) Neurons, six features 

 

5.8.2.1.3 Multi value Neuron with Two Hidden layer for 16QAM 

 

No. Of Neurons Recognition rate at 
SNR 5db 

Recognition rate at 
SNR 10db 

Recognition rate at 
SNR 15db 

(12 12) 76.93% 99.70% 99.93% 

(10 10) 78.13% 99.46% 100% 

(10 7) 73.30% 97.60 100 

(7 7) 70.46% 92.60% 96.10% 

(7 5) 25.20% 45.23% 53.83% 

Table 5.42 16QAM values for 5 features 

 

No. Of Neurons Recognition rate at 
SNR 5db 

Recognition rate at 
SNR 10db 

Recognition rate at 
SNR 15db 

(12 12) 76.96% 99.60% 99.96% 

(10 10) 77.30% 99.66% 99.96% 

(10 7) 73.03% 97.53% 92.16% 

(7 7) 67.53%  93.30% 93.53% 

(7 5) 27.10% 39.96% 39.96% 

Table 5.43 16QAM values for 6 features 

From the above table of 16QAM modulation for 5 and 6 features we can see for SNR 5db the 

recognition rate that we are getting is not much satisfactory as we decrease the number of 

neurons. But if we increase the SNR of 10 and 15 db we see improvement while decreasing 

the number of neurons but still at combination (7 5) for both 5 and 6 features the results that 

we are getting is unacceptable for recognition rate. 



51 
 

5.8.2.2 Reducing Features  

In the following tables out of given five features (Gamma max, Sigma ap, Sigma dp, Sigma 

aa, Sigma af) one by one was reduced and run for 50 simulations for SNR 5,10,15 db at (12 

12),(10 10),(10 7),(7 7) and (7 5) neuron combination. These combinations were selected 

because they provide with the best recognition rate as discussed. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

96.56% 99.36% 86.03% 88.63% 96.33% 91.90% 78.10% 

Recognition 

rate at 

10db 

97.73% 99.46% 99.96% 99.40% 98.96% 98.96% 99.56% 

Recognition 

rate at 

15db 

98.90% 99.73% 100%  99.93% 99.86% 99.26% 100% 

Table 5.44 Without gamma max (12 12) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

96.53% 99.56% 87.16% 89.43% 96.10% 92.83%% 78.43% 

Recognition 

rate at 

10db 

97.53% 99.50% 99.83% 99.60% 99.10% 99.40% 99.43% 

Recognition 

rate at 

15db 

98.93% 99.83% 100% 99.96% 99.53% 99% 99.96% 

Table 5.45 Without gamma max (10 10) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

96.43% 99.56% 88.86% 89.16% 89.16% 88.80% 73.26% 

Recognition 

rate at 

10db 

97.86% 99.56% 99.90% 99.40% 98.86% 98.70% 99.66% 

Recognition 

rate at 

15db 

98.53% 99.66% 100% 99.93% 99.63% 99.33% 100% 

Table 5.46 Without gamma max (10 7) 
 

 

 

 



52 
 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

96.26% 99.73% 88.20% 89.03% 95.70% 92.13% 76.43% 

Recognition 

rate at 

10db 

97.66% 99.60% 99.93% 99.50% 99.20% 98.50% 97.66% 

Recognition 

rate at 

15db 

98.80% 99.66% 100% 99.76% 98.93% 97.80% 99.93% 

 

                                             Table 5.47 Without gamma max (7 7) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

93.20% 98.76% 79.66% 80.30% 90.96% 82.13% 31.66% 

Recognition 

rate at 

10db 

97.76% 99.56% 80.70% 83.66% 92.96% 81.70% 54.66% 

Recognition 

rate at 

15db 

98.2% 99.3% 93.2% 92% 93.6% 84.4% 59.3% 

Table 5.48 Without gamma max (7 5) 
 

From the above tables we can see the difference is not that much except in table 5.48 for SNR 

5db at neuron combination (7 5) 2FSK is being affected a lot such that it goes till 79.66% 

similar for 4FSK at 15db recognition rate is around 76% so once again we can see that by 

decreasing number of neurons our recognition rate is affected similarly at lower SNR the 

recognition rate is affected so much but as we increases SNR the recognition rate start getting 

better as we can see in the case of 16QAM.  

In the following tables from the above given 5 features Sigma ap was removed and the results 

were then compared. 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

95.93% 99.50% 86.16% 88.03% 94.70% 92.20% 77.60% 

Recognition 

rate at 

10db 

98.16% 99.80% 99.90% 99.46% 98.96% 99% 99.40% 

Recognition 

rate at 

15db 

98.96% 99.80% 100% 99.90% 99.73% 99.53% 99.96% 

Table 5.49 Without Sigma ap (12 12) 
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Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

94.16 % 95.10 % 82.70 % 84.33 % 89.90 % 87.20 % 75.33% 

Recognition 

rate at 

10db 

98.2 % 99.60 % 99.93 % 99.23 % 99.06 % 98.60 % 99.06% 

Recognition 

rate at 

15db 

98.63% 99.83% 100% 99.76% 99.50% 99.26% 99.90% 

 

Table 5.50 Without Sigma ap (10 10) 
 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

94.33% 98.50% 86.70% 87.80% 94.83% 90.70% 72.76% 

Recognition 

rate at 

10db 

98.56% 99.60% 97.20% 97.03% 98.30% 97.76% 99.36% 

Recognition 

rate at 

15db 

99.33% 99.80% 100% 99.80% 98.80% 98.03% 99.96% 

Table 5.51 Without Sigma ap (10 7) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

94.96% 99.06% 88.36% 88.03% 93.46% 91.13% 69.66% 

Recognition 

rate at 

10db 

98.56% 99.60% 99.86% 99.43% 98.73% 97.46% 90.266% 

Recognition 

rate at 

15db 

99.13% 99.90% 98.66% 98.93% 98.96% 98.43% 99.56% 

Table 5.52 Without Sigma ap (7 7) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

94.33% 98.90% 77.06% 79.76% 91.20% 65.96% 31.66% 

Recognition 

rate at 

10db 

95.56% 98.96% 88.73% 90.13% 89.76% 70.26% 47.83% 

Recognition 

rate at 

15db 

98.1% 99.01% 89.7% 90% 89.7% 71.27% 64.8% 

Table 5.53 Without Sigma ap (7 5) 
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Again we can see from the above tables with the decrease in number of neurons the 

recognition rate is being affected very much especially in case of 16QAM. The effect can be 

seen clearly in combination (7 5) the recognition rate for 5db and10db is almost less than 50% 

which is unacceptable while at 15db its above then 50% which is good as compared to 

previous but still not much good as other combinations of previous neurons. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

96.23% 99.36% 86.43% 88.10% 92.50% 82.50% 74.33% 

Recognition 

rate at 

10db 

98.20% 99.76% 99.86% 99.50% 98.13% 96.93% 98.43% 

Recognition 

rate at 

15db 

99% 99.93% 100% 99.83% 99.06% 98.23% 99.93% 

Table 5.54 Without Sigma dp (12 12) 
  

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

95.63% 99.36% 87.90% 88.03% 92.66% 82.80% 75.56% 

Recognition 

rate at 

10db 

96.30% 99.43% 98.60% 98.26% 97.53% 94.33% 97.30% 

Recognition 

rate at 

15db 

98.66% 99.83% 100% 99.80% 99.20% 98.06% 99.86% 

Table 5.55 Without Sigma dp (10 10) 
 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

95.96% 99.43% 85.36% 87.26% 91.73% 80.93% 72.50% 

Recognition 

rate at 

10db 

98.26% 99.76% 100% 99.43% 98.20% 95.66% 98.20% 

Recognition 

rate at 

15db 

99.13% 99.96% 100% 99.76% 98.66% 96.30% 97.80% 

Table 5.56 Without Sigma dp (10 7) 
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Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

95.23% 98.90% 87.73% 89.36% 92.40% 80.90% 68.20% 

Recognition 

rate at 

10db 

98.13% 99.63% 99.80% 99.43% 97.83% 96.33% 98.76% 

Recognition 

rate at 

15db 

98.56% 99.63% 100% 99.80% 99.13% 98.33% 98.60% 

Table 5.57 Without Sigma dp (7 7) 
 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

95 % 98.2 % 85.4 % 88 % 89.7 % 68.2 % 15% 

 

Recognition 

rate at 

10db 

96.56% 99.33% 88.03% 90.33% 90.60% 69.26% 50.66% 

Recognition 

rate at 

15db 

98.44% 100% 92.2% 91.5% 90.90% 73% 61.8% 

 

Table 5.58 Without Sigma dp (7 5) 

 

Same as previous but at (7 5) combination the recognition rate in some cases decreases 

especially for 4FSK at SNR 5 and 10db and for16QAM. The effect is  very much due to 

different combination of features as this is our main task to check how does these different 

combinations of features affects our schemes in term of recognition rate. 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

85.16% 97.60% 81.80% 78.90% 86.26% 78.90% 63.10% 

Recognition 

rate at 

10db 

91.73% 97.40% 93.33% 88.2% 89.16% 92.40% 85.36% 

Recognition 

rate at 

15db 

95.13% 99.16% 99.63% 97.33% 95.70% 97.56% 97.30% 

Table 5.59 Without Sigma aa (12 12) 
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Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

84.83% 97.50% 79.90% 79.36% 85.86% 78.46% 61.90% 

Recognition 

rate at 

10db 

83.16% 97.16% 93.93% 89.16% 88.86% 92.20% 83.80% 

Recognition 

rate at 

15db 

86% 98.7% 95.67% 92.5% 91.49% 95.66% 87.2% 

Table 5.60 Without Sigma aa (10 10) 
 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

79.3% 95.28% 82.8% 81.2% 84.6% 74.6% 53.9% 

Recognition 

rate at 

10db 

81.53% 96.86% 91.36% 85.70% 89.06% 91.36% 76.70% 

Recognition 

rate at 

15db 

95.70% 99.36% 99.56% 97.10% 95.96% 95.40% 89.30% 

Table 5.61 Without Sigma aa (10 7) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

84.93% 97.53% 81.53% 79.90% 83.03% 73% 50.66% 

Recognition 

rate at 

10db 

92% 97.6% 89% 83.83% 85.53% 89.50% 73% 

Recognition 

rate at 

15db 

95.80% 99.30% 98.66% 96.10% 94.60% 95.30% 85.00% 

                                             Table 5.62 Without Sigma aa (7 7) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

83.53% 97.16% 84.93% 81.96% 84.26% 71.70% 24.06% 

Recognition 

rate at 

10db 

86.7% 97.85% 85.19% 83.20% 86% 78.46% 35% 

Recognition 

rate at 

15db 

92.33 % 98.54 % 90.87 % 89.95 % 94 % 84.62 % 44.2% 

Table 5.63 Without Sigma aa (7 5) 
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Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

75.29% 96.78% 81.88% 78.11% 87.09% 77% 62.22% 

Recognition 

rate at 

10db 

81.73% 97.40% 93.33% 88.2% 89.16% 92.40% 85.366% 

Recognition 

rate at 

15db 

95.13% 99.16% 99.63% 97.33% 95.70% 97.56% 97.300% 

Table 5.64 Without Sigma af (12 12) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

96.13% 99.36% 84.73% 86.30% 92.13% 79.43% 74.266% 

Recognition 

rate at 

10db 

98.20% 99.63% 100% 99.30% 96.56% 94.13% 96.866% 

Recognition 

rate at 

15db 

98.76% 99.76% 99.96% 99.86% 98.83% 97.10% 99.86% 

Table 5.65 Without Sigma af (10 10) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

96.80% 99.06% 83.76% 86.40% 90.53% 76.70% 67.366% 

Recognition 

rate at 

10db 

98.43% 98.20% 97.83% 98.26% 95.90% 90.70% 94.63% 

Recognition 

rate at 

15db 

98.50% 99.63% 100% 99.70% 97.53% 94.73% 99.96% 

Table 5.66 Without Sigma af (10 7) 

 

Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

96.53% 99.26% 81.10% 84.80% 89.23% 75.70% 71.20% 

Recognition 

rate at 

10db 

97.36% 99.73% 98.40% 98.36% 96.03% 93.46% 96.83% 

Recognition 

rate at 

15db 

98.93% 99.83% 100% 99.86% 97.23% 93.76% 97.833% 

Table 5.67 Without Sigma af (7 7) 
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Signal 2ASK 2PSK 2FSK 4ASK 4PSK 4FSK 16QAM 

Recognition 

rate at 5db 

95.03 % 98 % 86.9 % 88.42 % 88.57 % 67.74 % 15.89% 

Recognition 

rate at 

10db 

96.56% 99.33% 88.03% 90.33% 90.60% 69.26% 50.66% 

Recognition 

rate at 

15db 

98% 99.8% 92.36% 92.05% 93.84% 73% 63.48% 

Table 5.68 Without Sigma af (7 5) 

 

We can see from the above tables without Sigma aa and Sigma af features with the decrease 

in the number of neurons the recognition rate is being affected very much. Especially in case 

of 16QAM the effect can be seen clearly in combination (7 5) for both the case the 

recognition rate for 5db and 10db. In the case of features without sigma aa for 16QAM the 

recognition rates are almost less than 50% which is very poor while for tables without Sigma 

af it does show some improvement at SNR 10 while 15 dB. 

 

5.9 Conclusion 

From the performance shown in this chapter by different networks clearly reveal that the 

number of hidden layers and the neurons within them play a very important role in the 

recognition rate of the signals. For ease of understanding the performance of  a hidden layer 

for different number of neurons and the performance of a two layered network with different 

combinations of neurons have been presented separately. Judging from those rates, we can say 

that a two layered network performs better than a network having a single hidden layer.  

Also, different number and combinations of key features have been tested. If the value of 

SNR is 10db or higher then a combination of four features depending on user‟s requirement 

can be used. But, if the SNR is less than 10db, then the combination of five features should be 

used for better performance. The addition of a sixth feature doesn‟t make any significant 

difference to the recognition rates so therefore it is not suggested to use six features. This will 

only make the network more complex while not improving the recognition rates. 

5.10 Future Work  

Finally, we suggest the following as the future work for this project. 

 Check for more number of levels, M > 4 for ASK, PSK and FSK and M >16 for 

QAM. 

 Find other methods for quick training of the network. 

 Apply the procedure to real world signals. 

 Study other sets of key features which might provide better results and are less 

sensitive to noise. 
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