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Abstract: Artificial Neural Networks have a wide application in terms of research areas 
but they have never lived up to the promise they seemed to be in the beginning of the 80s. 
One of the reasons for this is a lack of hardware for their implementation in a 
straightforward and simple way. This paper proposes a step in this direction: a quasi 
automated solution to build a neuron and it also includes a study about Read Only 
Memory implementation of the hyperbolic tangent as activation function. The results 
obtained are very promising and future work will lead to the implementation of a full 
Artificial Neural. Copyright CONTROLO2010. 
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1. INTRODUCTION 

 
Artificial Neural Networks (ANN) are structures 
composed of basic elements, the neurons, connected 
in networks with massive parallelism that can greatly 
benefit from hardware implementation.  
Although this benefit is largely consensual, the 
number of hardware implementations and their 
capacity for being generic is very low. 
The authors believe that this situation can be changed 
if the scientific community or industry is able to 
provide simple and fast alternatives for implementing 
ANN in hardware. 
A few attempts have been made in building such 
solutions as can be seen in (Eugenio and Huitzil, 
2006b) and (Tisan et al. 2007). 
This paper presents a first step for achieving generic 
hardware solutions for implementing ANN: a quasi 
automated fashion to build a neuron. The paper also 
includes a study about Read Only Memory (ROM) 

implementation of the hyperbolic tangent as 
activation function. 
The quasi automated fashion is obtained from the 
System Generator tool (of Xilinx), that works with 
Matlab and Simulink (from Mathworks) and 
Integrated Software Environment (ISE), also from 
Xilinx. 
The Matlab and Simulink tools are widely used in the 
ANN field and the ISE and System Generator are 
tools from the Xilinx company to work with 
programmable hardware which is the preferred 
solution for a large part of the ANN implementations 
(see for example – (Ferreira et al., 2007), (Eugenio et 
al. 2006a), (Eugenio and Huitzil, 2006b), (Meng, 
2006) and (Liddicoat et al. 2006)) due to the 
acceptable price for a reduced number of copies 
(Dias et al., 2004).  
The System Generator tool allows converting a block 
diagram implemented in Simulink (which runs over 
Matlab) into a Hardware Description Language 



 

     

(HDL) that can be used to program a FPGA. This is a 
very helpful tool but the subset of the Matlab code 
that can be directly used to convert in a HDL is very 
reduced and therefore needs to be carefully prepared 
before implementation. 
Another important drawback is that Matlab uses 
double floating point notation and only fixed point 
notation can be used with the System Generator. This 
is due to the expensive implementation of floating 
point in hardware. Although difficult, a few floating 
point implementations have been reported:  (Arroyo 
Leon et al. 1999) (Ayala et al. 2002) (Ferreira et al., 
2007). 
The rest of the paper is organized as follows: section 
2 recalls the ANN’s structure; section 3 describes the 
neuron implementation developed; section 4 shows 
some of the results obtained; section 5 discusses the 
implementation and the results and section 6 draws 
the conclusions and points the directions for future 
work. 
 

2. ANN STRUCTURE 
 
This work is focused in ANN of the feedforward 
type (see figure 1), where there are no lateral nor 
feedback connections. 
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Fig. 1. Example of a feedforward ANN. 
 
A Feedforward Neural Network (FNN) is a layered 
structure, which can include non-linearity. The basic 
element of a FNN is the neuron that is shown 
schematically in figure 2. 
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Fig. 2. Neuron structure. 
 
The neuron implements the general equation: 
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where usual functions for F are sigmoidal, linear and 
hard limit. 
A FNN is composed of an input layer, one or more 
hidden layers with one or more neurons and an 
output layer where frequently the neurons are linear.  
The Multi Input Single Output FNN in figure 1 
implements the following general equation: 
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3. NEURON IMPLEMENTATION 

 
The objective of this part of the work is to provide a 
way to implement a neuron in a automated way. We 
have chosen to do this using Simulink and System 
Generator. This allows designing blocks and test 
them with a friendly interface and as a last stage 
download and test the developed solutions within a 
FPGA. 
The neuron is created as a subsystem that can be 
configured using a mask. The mask used for our 
neuron block can be seen in figure 3. 
 

 
 
Fig. 3. Mask for block parameters selection. 
 
The parameters for the neuron are: the number of 
inputs, the number of bits, the placement of the fixed 
point and the number of values to be used in the 
Look Up Table (LUT). The number of values for the 
LUT concerns the activation function 
implementation which is, at this point limited to the 
hyperbolic tangent. 
Behind this mask there is a block of MATLAB code 
that is responsible for placing and connecting all the 
blocks that are necessary for implementing the 
desired subsystem. This block is also responsible for 
drawing each component within the Simulink 
window. 
Figure 4 shows an example of a neuron of four 
inputs. On the left side is the representation of the 
subsystem and on the right side is the block diagram 
of the Simulink system that implements the neuron. 
Most of the blocks used are very simple: inputs, 
multipliers, adders and outputs. 
 



 

     

 

 
 
 
 
 
The funcActiv block contains a implementation of 
the activation function: the hyperbolic tangent which 
is based in a LUT. 
The LUT will store the values of the hyperbolic 
tangent but the inputs of the LUT are the memory 
addresses instead of the inputs of the hyperbolic 
tangent. The outputs will be fixed point values and 
these numbers will be unsigned. For the LUT to 
perform the required function several 
transformations are necessary. These changes are 
done by the subsystem represented in figure 5. 
 

 
Fig. 5. Implementation of the activation function. 
 
This block achieves its function using a ROM to 
store the values of the hyperbolic tangent. To make 
an efficient use of the memory the hyperbolic tangent 
is only represented between the positive values of 0 
to 5.3 since this function is symmetrical and 
saturates. 
 

 
 
Fig. 6. Configuration window of the ROM (part1).  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The configuration windows for the ROM memory 
are shown in figures 6 and 7. 
In figure 6 is an example of a ROM with 10000 
points and definition of the values that will be filling 
the memory. 
Figure 7 shows the use of 32 bits with only one bit 
for the integer part since the output value of the 
hyperbolic tangent will be at most 1. 
 

 
 
Fig. 7. Configuration window of the ROM (part2). 
 
 

4. RESULTS OBTAINED  
 

To analyse the precision of the solution developed a 
neuron with a single input, represented in figure 8, 
was tested against the MATLAB hyperbolic tangent 
function.  
 

 
 
Fig. 8. Single input neuron. 
 

          
 
Fig. 4. Example of the representation of a neuron with four inputs. 
 



 

     

The subsystem block was connected as shown in 
figure 9 so that an input of 100000 points was 
supplied to compare with the MATLAB 
implementation of the hyperbolic tangent. 
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Fig. 9. Single input neuron subsystem connected. 
 
Using this topology several tests were performed 
such as the one shown in figure 10. These tests 
include different number of bits for the input, 
different number of points in the ROM and different 
number of bits for each value stored in the ROM. 
 

-6 -4 -2 0 2 4 6
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

Input

O
ut

pu
t

Comparison of the hyperbolic tangent implementation with MATLAB

 
 
Fig. 10. Hyperbolic tangent implementation using 
100 points with 4 bits for the integer part and 4 bits 
for the decimal part. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The different format for inputs and outputs should be 
understood by the fact that the range of values for 
each situation is different. The choice made here was 
to try to use only the number of bits that are really 
necessary for the integer part to implement the 
maximum value.  
The example of figure 10 is the one with less values 
in the LUT and with less number of bit used as input 
and output. 
Table 1 shows Mean Square Error (MSE) for these 
tests, where the format is marked as (total number of 
bits, number of bits of the decimal part). 
Also interesting is the distribution of the error against 
the input values. This is shown for one of the 
examples in figure 11. 
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Fig. 11. Distribution of the error against the input 
values. 
 
As can be seen from figure 11, the error is larger in 
the regions where the slope of the hyperbolic tangent 
is steeper. This analysis makes us propose a test with 
the hyperbolic tangent proposed in (Ferreira et al. 
2007), which we will do as further work.  
The graphic in figure 12 shows the MSE for the 
solutions with the same number of bits for the input 
and output. As can be seen, there is large difference 
between the 8 bits solution, while the 16 and 32 bits 
solutions present similar results. 
After evaluating the quality of the implementations 
obtained it is also necessary to evaluate the 
implementation’s hardware necessities. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1 Summary of the tests performed to test the LUT’s input, output and dimension. 
  

MSE 
Input format (8,4)  

MSE 
Input format (16,12) 

LUT 
Size 

Ouput 
format (8,6) 

Output format 
(32,28) 

Ouput format 
(16,14) 

Ouput format 
(32,30) 

MSE 
Input format (32,28) 

Output format (32,30) 

100 4,7763x10-5 3,9175x10-5 1,6488x10-5 1,6488x10-5 1,6483x10-5 
500 2,8570x10-5 2,2453x10-5 9,0789x10-7 9,0715x10-7 9,0794x10-7 

1000 2,8362x10-5 2,1960x10-5 2,1837x10-7 2,1811x10-7 2,1737x10-7 
5000 2,8322x10-5 2,1706x10-5 1,0574x10-8 1,0434x10-8 1,0103x10-8 
10000 2,8322x10-5 2,1704x10-5 2,3817x10-9 2,2174x10-9 1,8837x10-9 
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Fig. 12. Comparison of the 8, 16 and 32 bits 
solutions with the same number of bits for input and 
output. 
 
The different solutions were downloaded to a small 
FPGA so that it is possible to analyse and compare 
the size of the solutions. The FPGA used is a Spartan 
3E XC3S500E and for each solution the ISE tool 
supplies a resume of the hardware. A report like the 
one shown in figure 13 is obtained. 
This information is also resumed in figure 14. 
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Fig. 14. Number of RAM blocks used, as a function 
of the LUT number of points. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
These figures show the use of several types of 
resources. The most important one for the 
implementation of the neuron is the memory use. 
This information is resumed in table 2 for the use of 
RAM blocks 1152x16 bits. It should be noted that 
since the FPGA only has 20 blocks and the use of 

part of a block is reported in the same way as the use 
of the complete block, these results may seem to 
have few detail. 
 
Table 2 Summary of the use of the memory blocks. 
 

Utilização de RAMB16 (%) 

Format/ 
LUT size 

100 500 1000 5000 10000

8,4 5 5 5 15 25
16,12 5 5 5 25 50
32,28 5 5 10 50 95

 
 

5. DISCUSSION 
 
The MSE of table 1 shows some interesting results: 

1. The use of a large number of LUT points  
that cannot be addressed (more than 500 
points for the (8,4) format) is a waste of 
resources and bears no improvement. 

2. The use of a larger number of bits inside of 
the LUT is not very relevant.  

3. There is a large difference between the 8 bit 
solution but the 16 and 32 bits are very close 
(usually less than 10% difference). 

The graphic in figure 14 shows an expected 
behaviour: the number of resources needed increases 
almost linearly with the increase in the number of 
bits used. 
Given the two premises, a 16 bit solution should be 
used instead of looking for a bit more accuracy at the 
expense of doubling the resources used. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
6.CONCLUSION  

 
This paper presents an almost automated 
implementation of a neuron using Simulink and 
System Generator. The user only needs to configure 

 

 
Fig. 13. Resume of the device resource utilization for FPGA Spartan 3E XC3S500E with the 100 values 
LUT and 8 bits. 



 

     

the blocks through an interface to obtain the 
description of a circuit in a hardware description 
language that can be used to download the circuit to 
a FPGA. 
This paper also presents a study of the accuracy of 
the activation function implementation, using a 
hyperbolic tangent in a LUT. This study shows that 
while a 8 bit solution is very poor, a 16 bit solution 
should be enough since the 32 bit alternative uses the 
double of the resources while adding very few to the 
accuracy. 
Within the 16 bit solution going from 100 to 10000 
points can make a large difference but it will always 
be an application dependent choice.  
 
 

7. FUTURE WORK 
 
As future work the authors will implement a 
complete ANN that can be configured with the same 
solution used here for the neuron. 
With the examples shown by figure 11, we can 
conclude that the distribution of the points used in 
the LUT should not be uniform. This motivates the 
use of the solution proposed by (Ferreira et al. 2007) 
for a next test. 
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