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ABSTRACT 

In this study a universal demodulator for BPSK, BFSK, ASK signals is presented. This 

demodulator is based on neural network techniques and can be developed for any kind of 

modulation scheme. Regardless of modulation type used by transmitters, this demodulator can 

detect the transmitted signal bits by passing the signal samples through a probabilistic neural 

network. Each modulation scheme that is best similar and matched to the incoming signal 

samples will be determined as a detected pattern and its corresponding bit is detected as a 

received bit. The demodulator has its own architecture techniques to implement via VHDL code 

for speed and chip area optimization.    

Keywords: FPGA; Probabilistic Neural Network; Demodulator; Genetic Algorithm; Block-

Pulse Functions 

I. INTRODUCTION  

Neural networks have been considered 

recently and have been applied for many 

purposes such as pattern recognition, signal 

classification, variable prediction, parameter 

estimation and etc. [1-3].  Some neural 

network applications are designed to run on 

PCs platforms while others are to implement 

on digital signal processors or FPGA ICs. 

The Simulating and running of neural based 

systems on a PC platform are so different 

from implementing them on an FPGA since 

there are some limitations such as area of 

usage and processing speed when designing 

hardware architecture based on a field 

programmable gate array. Some studies have 

been done to demonstrate hardware 

implementation of neural networks but 

because of capabilities of FPGAs in parallel 

processing and performing cumbersome 

calculations in a minimum possible time, 

these ICs are beibg considered widely to be 

employed in systems utilizing artificial 

intelligence [4-8]. Many works have been 

done on implementing modulators and 

demodulators on FPGAs [9, 10] and most of 

them use CORDIC, lookup tables and 

Hilbert transform techniques [11-14]. Some 
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of them are also used reconfigurable 

structures [4, 15-18] since universal 

demodulator is considered in this paper, a 

combination of artificial neural networks 

and likelihood concepts along with 

implementation techniques should be used. 

This paper is organized as follows: next 

section introduces a brief overview of 

artificial neural network. Section three 

describes the idea for demodulating signals. 

The feasibility of design is investigated in 

section four and section five includes 

implementing process. Finally, some 

conclusions are given in section six. 

II. ARTIFICIAL NEURAL NETWORK 

OVERVIEW 

Artificial neural networks are a composition 

of one or more layers connected to each 

other and each layer consists of some 

elements called neurons. Each neuron can 

accept some inputs but outputs just one 

value. The simplest form of a neuron is 

shown in Fig.1 Inputs to a neuron usually 

are divided into ordinary type and bias type. 

In the Fig.1 which is shown for the neuron,   

and   are ordinary and bias type respectively. 

Each input except bias type is weighted by 

its corresponding factor   and then added to 

the bias and other weighted inputs. The 

result goes through the function called 

activation function which could be a linear 

or nonlinear function. 
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Fig. 1: A simple neuron model 

Therefore, the output of a neuron can be in 

the form of following: 

𝑜𝑢𝑡𝑝𝑢𝑡 = 𝐹((∑ 𝑤𝑖 ∗ 𝑋𝑖) + 𝑏1) 

The above formula is also written in a vector 

format, in this case there are an input vector 

and weight vector and a scalar bias [1, 4]. 

The mentioned simple neuron structure can 

be extended to a network of neurons 

connected via input, hidden and output of 

layers. Fig. 2 shows such a structure. 

III. SYSTEM MODEL AND MAIN 

IDEA  

In the wireless digital communication 

systems, best operated receivers always act 

based on the principle of similarity called 
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likelihood, which means the receiver should 

compute the similarity of each incoming 

signals with the all signals in the signal 

space of transmitter and chooses the signal 

that has a maximum similarity, or likelihood 

as a detected received signal. For example in 

the case of BFSK, BPSK and BASK which 

are the main schemes of digital modulations, 

the corresponding receiver has two paths 

(two branches) in its structure that each 

computes the correlation (likelihood) of 

received signal with one of the signal in the 

transmitter constellation space. Then the 

outputs of all paths are compared and the 

final decision about the detected bit or bits is 

made. Fig. 3 shows the correlation receiver 

for BFSK scheme. But the main idea of this 

paper is to incorporate a neural structure that 

can be used to demodulate many types of 

modulation schemes. This structure gives 

the transmitter the power that it can freely 

choose and change the modulation type 

within transmission. Furthermore, the 

receiver can easily be reconfigured and 

upgraded for the next generation systems 

and protocols with least modifications. 
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Fig. 2: Neural network structure 

To apply the likelihood concept the special 

kind of neuron called probabilistic neuron is 

used. Probabilistic neural networks are 

frequently and efficiently used for signal 

classification and pattern recognition [19-

23]. Fig. 4 shows this structure. In this 

structure, incoming signals are sampled in a 

symbol period and then feed the neuron as 

an input vector (see Fig.5). 



International Journal of Engineering Technology and Scientific Innovation  

ISSN: 2456-1851 

Volume:03, Issue:01 "January-February 2018" 

 

www.ijetsi.org                              Copyright © IJETSI 2018, All right reserved Page 35 

 

SamplerSampler Comparator Comparator  d

 d

0(( ) )dCOS t 

0(( ) )dCOS t 
 

Fig. 3: BFSK demodulator 

The neuron computes the distance between 

the neuron weight vector and input vector 

and this metric is passed through the 

activation function, which is a type of radial 

base function: 

𝑟𝑎𝑑𝑖𝑎𝑙 𝑏𝑎𝑠𝑒(𝑥) = 𝑒−𝑥2
 

The radial basis function has a maximum of 

1 when its argument is 0. As the distance 

between input vector and weight vector 

increases, its output decreases. Thus, a radial 

basis neuron acts as a detector that produces 

1 whenever the input is identical to its 

weight vector. So the probabilistic neuron 

determines how much the incoming signal 

samples are similar to the weight vector or 

equivalently it produces the likelihood 

probability of the two vectors. 

If the weights are set to the samples of 

special modulation types, say BFSK signal 

corresponding to bit zero, then the neuron 

computes the likelihood of incoming signal 

with that kind of bit-modulation signal. One 

of advantages of proposed neural 

demodulator is its reconfigurable structure 

that enables the receiver to be easily 

upgraded for the next protocols and 

standards. The ability that is important in the 

software defined radios [24, 25] and in the 

next generations called Adaptive-

Intelligence (AI) and also in cognitive radio 

[26, 27]. Because they should have a 

flexible structure in order to interact with the 

environment and to adapt themselves in the 

case of transmitting power, modulation type, 

coding rate and so on. A clear example is the 

IEEE 802.11 standard that does this through 

adaptive modulation and coding feature 

(AMC). Furthermore, it can be used in the 

spectrum sensing part of cognitive radio to 

detect signals of primary users in the class of 

feature detection and even more, it can be 

used as a core unit for demodulating in the 

OFDM based transmission protocols (the 

promising protocols of high data rate in the 

future). 
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IV. FEASIBILITY OF DESIGN 

The feasibility of design is tested by 

simulating the receiver in a noiseless 

scenario and its performance is shown in the 

noisy environment. To simulate it, firstly the 

signal stream of mixed modulation types is 

generated in the transmitter. To do this 

random bit stream are generated and each bit 

is modulated randomly by one of the 

schemes of BASK, BPSK and BFSK. Fig. 6 

shows these processes. 
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Fig. 4: Probabilistic neuron structure 

In the receiver a network of six probabilistic 

neurons is constructed because there are 3 

types of modulation schemes and for each 

there are 2 kinds of bits 0 and 1. The 

weights vector of each neuron is set by the 

values equal to signal samples of each signal 

type in the signal space of transmitter. Fig. 7 

shows the signal samples which are set as 

each neuron weight vector. To easily 

determine the performance of receiver each 

neuron is assigned a class which is a number 

corresponding to a signal it computes the 

likelihood. These classes and the other 

properties of transmitted signals are shown 

in Table I. 
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Fig. 5: Samples of signal fed to neural demodulator 
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Fig. 6: Generated data bits and randomly modulating them a. random  

data bits b. randomly modulated bits 
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Fig. 7: Samples set as a weights vector 
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Table I: Modulated signals properties 

Modulation Type BFSK BPSK BASK 

Sampling 

Frequency 

(sample/sec) 

4500K 4500K 4500K 

Carrier Frequency 

(KHz) 

450 300 100 

Bit Rate (bit/sec) 90K 90K 90K 

 

Corresponding ANN 

output class 

5    for 

bit 0 

1     for 

bit 0 

3  for bit 

0 

6    for 

bit 1 

2     for 

bit 1 

4  for bit 

1 

 

In the noiseless environment, the 

demodulator acts perfectly and detect signal 

with no error. To simulate the effect of 

noise, white Gaussian noise is added to 

signal after modulating at the transmitter. 

The resulting noisy signal is then passed 

through the ANN demodulator and the effect 

of noise power on bit error rate is shown in 

Fig. 8 

Implementing process 

V. IMPLEMENTING PROCESS 

To easily implement a digital hardware, it is 

better to divide the whole design into two 

main sections, data flow unit and control 

flow unit. The former performs the main 

digital processing that includes neuron 

hardware and compare and decide unit. The 

latter must control the timing process by 

activating the enable signals of each logic. 

Fig. 9 shows this architecture for the 

proposed receiver. The architecture consists 

of six neuron corresponds to each signal of 

modulation type. Remember that the 

architecture can be developed for any type 

of modulation by adding some extra 

neurons. The architecture of each neuron is 

shown in Fig. 10. 

One of the challenging part of implementing 

probabilistic neuron is its activation function 

that is a nonlinear function. One method to 

implement a nonlinear function is to 

approximate it. 
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Fig. 9: Neural demodulator architecture 
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Fig. 10: Neuron architecture 

 

The radial base function can be 

approximated by taylor series expansion that 

is shown below: 

𝑒−𝑥2
= ∑

(−1)𝑛(𝑥2𝑛)

𝑛!

∞

0

 

In the Fig.11 the radial base function and its 

approximations up to 5th order are shown in 

the same axis to compare. To have a good 

approximation higher orders of taylor series 

should be employed which means the 

architecture needs implementing multipliers 

which in turn results in decreasing speed and 

increasing chip area usage. So we turn into 

another way of approximation which is used 

in calculus of variation called direct method 

[28]. In this method the radial base function 

is approximated using by hybrid Block-

pulse and Chebyshev polynomials [29]. 

chevyshev polynomials are in the class of 

orthogonal sets. 

The hybrid Block-pulse and Chebyshev 

functions 𝑏(𝑛, 𝑚, 𝑡) is defined as [18] : 

𝑏(𝑛, 𝑚, 𝑡)

= {𝑇𝑚 ( 
2𝑁

𝑡𝑓
𝑡 − 2𝑛 + 1) , 𝑓𝑜𝑟 𝑡 ∈ [(

𝑛 − 1

𝑁
) 𝑡𝑓 ,

𝑛

𝑁
𝑡𝑓)

0                                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

Where 𝑛 and 𝑚 are the orders of Block-

pulse and Chebyshev functions and 𝑇𝑚(𝑡) 

are the well-known Chebyshev polynomials 

which are orthogonal in the interval 
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[−1, 1]that satisfy the following recursive 

function: 

𝑇𝑚+1(𝑡) = 2𝑡𝑇𝑚(𝑡) − 𝑇𝑚−1(𝑡)  𝑚 = 1,2, … 

𝑇0(𝑡) = 1, 𝑇1(𝑡) = 𝑡 

A function 𝑓(𝑡) defined over [0, 𝑡𝑓) can be 

approximated as: 

𝑓(𝑡) ≅ ∑ ∑ 𝑐(𝑛, 𝑚)𝑏(𝑛, 𝑚, 𝑡)

𝑀−1

𝑚=0

𝑁

𝑛=1

 

Where  

𝑐(𝑛, 𝑚) = 〈𝑓(𝑡) , 𝑏(𝑛, 𝑚, 𝑡)〉 

In which <, > denote the inner product.

 

 

Fig. 11: Radial base function and its approximations by taylor series 

Here the radial base function is 

approximated in the interval [-2, 2] but the 

subintervals for Block-pulse functions are 

not predefined. Since the fewer the number 

of subintervals lead to less amount of chip 

area usage, it is desired to approximate the 

function with lower orders of Chebyshev 

and fewer subintervals of Block-pulse. 

Because implementing the zero and first 

order polynomials are easy, just needed to 

use multiplexers and tri-state gate, we 

looked for the points  𝑥1 and 𝑥2and so that 

the function and its approximation has the 

least difference (square error) in the 

subintervals (by the symmetric property of 

radial base function) [0, 𝑥1] and [𝑥1, 𝑥2] and 

[𝑥2, 2]. Fig. 12 shows the typical 

approximation of this case. Therefore, the 

following optimization problem is reached.
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min 
0<𝑥1<𝑥2<2
𝑚1,𝑚2,𝑚3≤0

𝐿 

Where L is: 

𝐿 = ∫ (𝑒−𝑥2
− (𝑚1 (𝑥 −

𝑥1

2
) + 𝑒−(

𝑥1
2

)
2

))

2

𝑑𝑥
𝑥1

0

+ ∫ (𝑒−𝑥2
− (𝑚2 (𝑥 −

𝑥1 + 𝑥2

2
) + 𝑒

−(
𝑥1+𝑥2

2
)

2

))

2

𝑑𝑥
𝑥2

𝑥1

+ ∫ (𝑒−𝑥2
− (𝑚3 (𝑥 −

𝑥2 + 2

2
) + 𝑒

−(
𝑥2+2

2
)

2

))

2

𝑑𝑥
2

𝑥2

 

 

Fig. 12: Hybrid approximation 

By employing Lagrange multipliers this 

optimization problem could be solved, but it 

is not tractable. Using evolutionary 

algorithms such as Genetic algorithm (GA) 

and by running a computer program in 

MATLAB, the solution is: 

𝑚1 = −0.2150 , 𝑚2 =  −0.7652 ,   

𝑚3 = −0.2283  ,
  
 𝑥1

=  0.2152 ,    𝑥2

=   1.3010  

Parameters of Genetic algorithm are shown 

in Table II and Fig. 13 shows the process of 
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convergence to the above solution. The 

objective (fitness) function of GA is defined 

the same as function L. To extract the 

synthesizable VHDL code the design is 

verified in MATLAB with HDL Coder 

toolbox and then the generated HDL code is 

passed through the ISE software for final 

rule checking and routing. The schematic of 

circuit for demodulator is shown in Fig.14. 

The control unit is designed by state flow 

diagram. Fig.15 shows the logic circuit of 

data control unit. Finally, the logic circuit 

for neurons is shown in Fig.16. 

 

 

Fig. 13: Genetic algorithm convergence process 

Table II: Genetic algorithm settings 

Parameter name Setting 

Generations 100 

Population Size 500 

TolFun 1e-10 

Fitness Limit 1e-6 
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Fig. 14: Logic circuit schematic for demodulator 

 

Fig. 15: Logic circuit of data control unit 

 



International Journal of Engineering Technology and Scientific Innovation  

ISSN: 2456-1851 

Volume:03, Issue:01 "January-February 2018" 

 

www.ijetsi.org                              Copyright © IJETSI 2018, All right reserved Page 47 

 

 

Fig. 16: Logic circuit of data control unit 

Summary of device utility which is obtained by ISE is shown in Table III. The device used in 

this design is Virtex4. 

Table III: Device Utilization Summary 

Logic Utilization Used Available Utilization 

Number of Slice Flip 
Flops 

334 
30,720 1% 

Number of 4 input 
LUTs 

4,877 30,720 15% 

Number of occupied 
Slices 

2,729 15,360 17% 

Number of Slices 
containing only related 
logic 

2,729 2,729 100% 
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Number of Slices 
containing unrelated 
logic 

0 2,729 0% 

Total Number of 4 
input LUTs 

5,058 30,720 16% 

Number used as logic 4,877 - - 

Number used as a 
route-thru 

181 - - 

Number of bonded 
IOBs 

15 448 3% 

Number of 
BUFG/BUFGCTRLs 

1 32 3% 

Number used as 
BUFGs 

1 - - 

Average Fanout of 
Non-Clock Nets 

2.36 - - 

 

VI. CONCLUSIONS 

In this paper we have proposed a universal 

reconfigurable architecture using 

probabilistic neural network. Feasibility of 

design and implementation process along 

with challenging issues on implementing 

activation function are discussed. This 

architecture can be used in software defined 

radio and in its next generation cognitive 

radio because they must be flexible and 

adapt themselves with environment. The 

proposed structure can be easily extended 

for next standards and modulation schemes 

and can be used as a core in OFDM based 

systems. 
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