
 
 

J. Comp. & Math. Sci. Vol.1 (6), 636-641 (2010) 

Journal of Computer and Mathematical Sciences Vol. 1, Issue 6, 31 October, 2010 Pages (636-768) 

 

Development of Binary to Decimal Conversion of Library 
Components For IEEE-754 Floating Point Arithmetic Unit 

 
SHUBHASH KUMAR SHARMA1, S. N. SHUKLA2 and  

VISHAL KUMAR SRIVASTAVA3 
 

1D.D.U. Gorakhpur University, Gorakhpur, U.P. India 
Email: sksharma13@yahoo.co.uk 

2,3Department of Physics & Electronics 
Dr. R.M.L. Avadh University Faizabad,U.P. India 

Email: sachida_shukla@yahoo.co.in 
Email: ddu.vishal@gmail.com 

   
 

ABSTRACT 
 

This paper deals with implementation of IEEE-754 to Decimal Conversion using 
VHDL. This work will minimize the work of the processor unit.  A floating point 
processor unit is able to process all the operations on integers as well as on float values 
or all real values. It first converts the real values in normalized form then performs the 
different operations. The floating point unit is that part of computer that actually helps 
the ALU to perform arithmetic and logical operations on data. All of the other elements 
of the computer system-control unit registers, memory, I/Os are there mainly to bring 
data into the ALU for it to process and then to take the results back out.  
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1. INTRODUCTION  
 

IEEE Standards 754 floating point is 
the most common representation today for 
real numbers on computers, including Intel-
based PC’s, Macintoshes, and the most UNIX 
platforms. This article gives a brief overview 
of IEEE floating point and its representation. 
 
2.  FLOATING POINT NUMBER 
 

There are several ways to represent 
real numbers on computers. Fixed point places 
a radix point somewhere in the middle of the 
digits, and is equivalent to using integers that 
represents portions of some unit. For example, 
one might represent 1/100th of a unit; if we 
have four decimal digits, we can represent 
10.82, or 00.01. Another approach is to use 

rational and represent every number as the 
ratio of two integers. Scientific notation 
represents numbers as a base numbers and an 
exponent. For example, 123.456 can be 
representing as 1.23456 * 102. In hexadecimal, 
the number 123.abc might be represented as 
1.23abc * 162 .Floating-points solve a number 
of representation problems. Fixed-point has a 
fixed window of representation, which limits 
it from representing very large or very small 
numbers. Also, fixed-point is prone to a loss 
of precision when two large numbers are 
divided. 
 
3. FIXED POINT NUMBER SYSTEM 
 

Fixed-point number is use integer 
arithmetic and simple imagine the binary 
point somewhere other just to the right of the 
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least-significant digit. But it offers limited 
range and / or precision. Computation must be 
“scaled” to ensure that values remain 
represent able and that they do not lose much 
precision. 
 
4.  FLOATING POINT NUMBER  
 SYSTEM 
 

The only one non-integer 
representation has gained widespread use, and 
that is floating point number. In this system 
the computer word is divided into three fields 
(sign, exponent and significant). 
 
+/- (Sign) e: Exponent s: Significant 

 
A typical floating-point representation 

is composed of four main components: the 
sign s, the significant (also called mantissa) f, 
exponent base b and the exponent e. The 
exponent base b is usually implied (not 
explicit represented) and is usually a power of 
2, expect of course in the case of decimal 
arithmetic.  
This number is represented as follows: 

± s × be  
The main point to observe that there is two 
sign involve in a floating-point number: 
• The number sign indicates that a positive or 
negative floating-point number and it is 
usually    represented by separate sign bit 
(signed-magnitude convention). 
• The exponent sign is embedded in the biased 
exponent and it indicates mainly a large or 
small number. If the bias has a power of 2, the 
exponent is the complement of its most 
significant bit. 

The use of biased exponent format 
has virtually no effect on the speed or cost of 
exponent arithmetic (addition/subtraction), 
given the small number of bits involved. It 
does, however facilitate zero detection (zero 

will be represented with the smallest biased 
exponent of 0 and an all-zero significant) and 
magnitude comparison (we compare norma-
lized floating-point numbers as if they were 
integers). 

 
5.  ADVANTAGES OF USING IEEE-754  
 STANDARD 
 

The advantages of standardizing a 
particular representation are obvious. Numeric 
analysis can built up high-quality software 
libraries; computer designer can develop 
technique for implementing high-performance 
hardware vendor can build standard 
acceleration. Give the Predominance of the 
floating-point representation; it appears 
unlikely that any other representation will 
come into widespread use. 

 
6.  IEEE-754 FLOATING-POINT  
 STANDARD 
 
  In the early days of digital computers, 
it was quite common that machines from 
different vendors have different word lengths 
and unique floating-point formats. This 
caused many problems, especially in the 
porting of programs between different 
machines (designs). A main objective in 
developing such a standard, floating-point 
representation standard is to make numerical 
programs predictable and completely portable, 
in the sense of producing identical results 
when run on different machines. The IEEE-
754 floating-point standard, formally named 
“ANSI/IEEE Std 754-1985”, introduced in 
1985 tried to solve these problems.  
 
 

6.1 STORAGE LAYOUT 
 

 IEEE floating point numbers have 
three basic components: sign, exponent and 
mantissa. The mantissa is composed of the 
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fraction and an implicit leading digit 
(explained below).The exponent base (2) is 
implicit and need not be stored. 

The following figure shows the layout 
for single (32-bit) and doubles (64-bit) 
precision floating-point values. The numbers 
of bits for each field are shown (bit ranges are 
in square brackets): 

 
6.2 THE SIGN BIT 
 

The sign bit is as simple as it gets. 0 
denotes a positive number; 1 denotes a 
negative number.Flipping the value of this bit 
flips the sign of the number. 
 
6.3 THE EXPONENT 
 

The exponent field needs to represent 
both positive and negative exponents. To do 
this, a bias is added to the actual exponent in 
order to get the stored exponent. For IEEE 
single-precision floats, this value is 127. Thus, 
an exponent of zero means that 127 is stored 
in the exponent field. A stored value of 200 
indicates an exponent of (200-127) or 73. 
Exponents of -127 (all 0s) and +128 (all 1s) 
are reserved for special numbers. For double 
precision, the exponent field is 11 bits, and 
has a bias of 1023. 
 
6.4 THE MANTISSA 
 
  The mantissa, also known as the 
significant and it represents the precision bits 
of the number. It is composed of an implicit 
leading bit and fraction bits. To find out the 
value of implicit leading bit, consider that any 
number can be expressed in scientific notation 

in many different ways. For example, the 
number 5 can be represented as any of these: 
 

5.00 * 100   0.05 * 102 5000 * 10-3 
 

In order to maximize the quantity of 
representable numbers, floating-point 
numbers are typically stored in normalized 
form. This basically puts the radix point after 
the first non-zero digit. In normalized form, 5 
is represented as 5.0 * 100. A nice little 
optimization is available to us in base 2, since 
the only possible non-zero digit is 1. Thus, we 
can just assume a leading digit of 1, and don’t 
need to represent it explicitly. As a result, the 
mantissa has effectively 24 bits of resolution, 
by way of 23 fraction bits. 
 

PUTTING IT ALL TOGETHER 
 

So, to sum up: 
1. The sign bit is 0 for positive, 1 for negative. 
2. The exponent’s base is 2. 
3. The exponent field contains 127 plus the  
     true exponent for single-precision, or 1023      
     plus the true exponent for double precision. 
4. The first bit of the mantissa is typically  
     assumed to be 1. f, where f is the field of  
    fraction bits. 
 
7.   RANGES OF FLOATING-POINT  
      NUMBERS 
 

Let us consider single-precision floats 
for a second. Note that we’re taking 
essentially a 32-bit number and re-jiggering 
the fields to cover a much broader range. 
Something has to give and it’s precision. For 
example, regular 32-bit integers, with all 
precision centered around zero. It can 
precisely store integers with 32-bit of 
resolution. Single-precision floating-point on 
the other hand. It is unable to match this 
resolution with its 24 bits. Its does, however, 
approximate this value by effectively 
truncating from the lower end. For example  

 Sign Exponent Fract-
ion 

Bias 

Single-
Precision 

1 
[31] 

8 
[30-23] 

23 
[22-0] 

127 

Double-
precision 

1 
[63] 

11 
[62-52] 

52 
[51-00] 

1023 
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11110000   11001100   10101010    00001111         
//  32-bit  integer 
= +1.1110000   11001100  10101010  *  231                     

//   Single-precision Float 
= 11110000   11001100  10101010  00000000     
//    Corresponding Value 
 

This approximates 32-bit value, but 
doesn’t yield an exact representation. On the 
other hand, besides the ability to represent 
fractional components (which integers lack 
completely), the floating-point value can 
represent numbers around 2127, compared to 
32-bit integers maximum value around 232. 
The range of positive floating point numbers 
can be split into normalized numbers (which 
preserve the full precision of the mantissa) 
and denormalized numbers which use only a 
portion of the fraction’s precision. 
 
 

 

Since the sign of floating point numbers are 
given by a special leading bit, the range for 
negative numbers are given by the negation of 
the above values. 
There are five distinct numerical ranges that 
single-precision floating-point numbers are 
not able to represent: 
1.  Negative numbers less than – (2-2-23) *    

2 127  (negative overflow) 
2.  Negative numbers greater than -2-149  
 (negative underflow) 
3.  Zero 
4.  Positive numbers less than 2-149 (positive 

underflow) 
5.  Positive numbers greater than (2-2-23) *  
 2127 (positive overflow) 

Overflow means that values have grown too 
large for the representation, much in the same 
way that we can overflow integers. Underflow 
is a less serious problem because it is just 
denotes a loss of precision. This is guaranteed 
to be closely approximate by zero. Here’s a 
table of the effective range (excluding infinite 
values) of IEEE floating-point numbers: 
 
 Binary Decimal 
Single ±  (2-2-23)  *  2 127 ± 10 38.53 
Double ±  (2-2-52)  *  2 1023 ± 10 308.25 

 
Note that the extreme values occur 
(regardless of sign) when the exponent is at 
the maximum value for finite numbers (2127 for 
single-precision, 21023 for double), and the 
mantissa is filled with 1s (including the 
normalizing 1 bit). 
 
 

 

7.1 DENORMALIZED 
If the exponent is all 0s, but the 

fraction is non-zero (else it would be 
interpreted as zero). then the value is a 
denormalized number, which does not have an 
assumed leading 1 before the binary point. 
Thus, it represents a number (-1)s * 0.f  * 2 -126 
. Where s is the sign bit and f  is the fraction. 
For double precision, denormalized numbers 
are of the form (-1) s * 0.f * 2 -1022. From this 
we can interpret zero as a special type of 
denormalized number. 
 

8.    CONVERTING AN IEEE-754   
     NUMBER TO DECIMAL             
 

              (1-2*s) * (1+f) * 2 e- bias   

 Denormalized Normalized Approximate Decimal 
Single 
Precision 

 
± 2 -149   to  (1-2 -23) * 2 -126 

 
± 2 -126  to  (2-2-23) * 2 127 

 
± ~ 10 -44.85  to ~  10 38.53 

Double 
Precision 

 
± 2 -1074 to (1-2 -52) * 2 -1022 

 
± 2 -1022 to (2-2-52) * 21023 

 
± ~ 10 -323.3 to ~ 10 308.3 
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Where s: sign value in decimal 
            f:  mantissa value in decimal 
           e:   exponent value in decimal 
      bias:   bias value 127 (single precision) or  

   1023 (double precision) 
 
EXAMPLE IEEE-DECIMAL  
CONVERSION 
 
Single Precision Example:   
Let’s find the decimal value of the following 
IEEE 
0   10000000    01100000000000000000000 
First the sign bit s is 0. The e field contains 
10000000 = 128.  
The mantissa f is 0.011000… = 0.375. Then 
just plug these decimal values of s, e and f  
into our formula.   (1 – 2*s) * (1 + f) * 2 e-bias  
This gives us (1 – 2*0) * (1 + 0.375) * 2 128-127 
= (1.375 * 2 1) = 2.75. 
 
9.  SIMULATION RESULT 
 
Input  
= 01000000001000101000111101011100 
Obtained Result     =     + 25399998    
Point position (+1) 
Desired Result   =     +2.54 

 

 

10. CONCLUSION 
 

Through this paper we worked and 
learned about floating point processor unit and 
Benefits of normalizing with the help of a 
VHDL we got success in developing a 
synthesizable code to understand the working 
of an IEEE-754 to decimal convertor. Initially 
we used the real data type to develop this 
convertor which was not synthesizable later on 
we changed this to integer and string  we will 
have to change this real data type to integer or 
string data type. The code we developed to 
design this converter, conceptually contains 
something different and interesting. 
 
TOOLS USED 
 
Platform: Windows XP, Vista 
Simulator: Model Sim SE, Version 5.5f and 
5.5a, Mentor Graphics Company  
Synthesizer:  Xilinx 6.3i 
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