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ABSTRACT 

The present work reports an efficient three-stage matching algorithm for 

fingerprint classification that is presently done by computationally intensive, heuristic 

techniques. The matching algorithm includes preprocessing by a new transform domain 

filter, computation of moments as invariant features, and finally, use of a nearest neighbor 

clustering analysis for fingerprint matching. The transform domain filter involves 

selective amplification of the spectral band containing the highest energy, and subsequent 

use of a band-pass filter. The resulting enhanced image is almost noise-free, and shows 

prominent features in the fingerprints that cannot be extracted by other conventional 

enhancement techniques. The moments of the spectrally enhanced fingerprint image 

provide invariant features. The final classification of the fingerprint is performed by a 

nearest neighbor clustering analysis. The first four moment invariants are employed for 

matching, since higher order moment invariants are very sensitive to noise. 
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CHAPTER 1 

INTRODUCTION 

Enhancement and matching of fingerprints pose a difficult problem in image 

analysis applications. Recent developments in automated fingerprint identification systems 

employ primitive matching techniques such as counting ridges between minutiae of the 

fingerprints [ 1 ]. The automated fingerprint systems commonly utilize very expensive main 

frame systems. The matching techniques are computationally intensive and heuristic. 

Even the latest techniques in laser luminescent image acquisition of latent 

fingerprints result in extremely noisy images with nonuniform intensity levels and poor 

contrast [2]. Simple enhancement techniques such as adaptive binarization yield poor 

results [3], [4]. Regionwise wedge filtering yields significant loss of information. Hence, 

in most cases, the results obtained utilizing such techniques are not appropriate for 

matching [3], [5]. 

The present work involves a three-stage matching procedure including 

preprocessing by a new transform domain filter for enhancement, extraction of moments 

as invariant features from the enhanced fingerprints and a final nearest neighbor clustering 

analysis [6] with and without the use of a neural network for fingerprint classification. 

The transform domain filter involves selective amplification of the spectral band 

containing the highest energy and the subsequent use of a band-pass filter. The resulting 

image is almost noise-free and shows prominent features in fingerprints that cannot be 

extracted by other conventional enhancement techniques. The moment invariants of the 

enhanced image provide invariant features [7], [8]. The final classification of the 

fingerprint is performed by a nearest neighbor clustering analysis. 

1. 1 Outline of the Thesis 

Chapter 1 contains a brief introduction to the three-stage novel enhancement and 

matching algorithm developed in this thesis with specific application to fingerprint 

analysis. 
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Mathematical preliminaries are given in Chapter 2. First, a brief definition of the 

image model used is introduced. Following the image model, the Fourier Transform, the 

Discrete Fourier Transform, and the Fast Fourier Transform are examined. Digital 

enhancement techniques including spatial domain and frequency domain techniques are 

given next. 

Chapter 3 consists of a brief description of the current status of fingerprint 

analysis, conventional enhancement techniques and a detailed description of the 

enhancement and the matching techniques used in the algorithm developed for fingerprint 

analysis. 

The results achieved by applying conventional methods and this algorithm are 

given in Chapter 4. 

Chapter 5 contains comments on the results obtained and the efficiency of the 

algorithm developed. 

The appendices contain the computer programs developed for enhancement and 

matching techniques through the course of this study. 
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CHAPTER 2 

MATHEMATICAL PRELIMINARIES 

In this chapter, the image model used, and brief definitions of Continuous, 

Discrete and Fast Fourier Transforms are presented. The mathematical preliminaries of 

image enhancement are also given. 

2.1 The Image Model 

A digital image/( i,j) is the discretized version of a continuous scene fc(x,y) both 

m spatial frequencies and in amplitude. The digitization of the continuous scene is 

referred to as sampling, while the amplitude digitization is called gray-level quantization. 

Due to quantization, at sampling instants, the gray-level values of the continuous and the 

digital image are not equal. Hence, the quantization procedure introduces an error called 

quantization error which decreases with the increasing number of bits used to represent 

the gray-levels [9]. 

The digital image f(i,j) has the form of an N x N array as given in Eq. 2.1. In 

general the array does not have to be a square array. A digital image may be considered 

as a matrix whose row and column indices identify a point in the image. The value of the 

corresponding matrix element identifies the gray-level at that point. Each element of such 

an array is referred to as a pixel. 

f(iJ)= 

/(0,0) 

/(1,0) 

/(0,1) 

/(1,1) 

.. f(O,N-1) 

.. f(l,N-1) 

(N -1 ,0) f(N -1, 1) .. f(N -1 ,N -1) 

3 
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The disk space occupied by a digital image of the size N x N and m gray-levels 

is N x N x log2m bits. Since the fingerprint images have the size 512 x 512, and 

contain 256 gray-level values, the required disk space for an image is 2097152 bits or 

262,144 bytes. 

2. 2 The Fourier Transform 

Transform theory has played a key role in image processmg m many years. 

Because of its wide range of applications, the Fourier Transform is one of the most 

important transforms. Despite being used widely, the Fourier transform is not the 

optimum transfom1 [9], [ 10 ]. 

2.2.1 The Continuous Fourier Transform 

The Continuous Fourier Transform (CFT) of a two-dimensional, 

continuous and integrable array j(x.y) is defined by 

F(u,v)= J Jfcx,y)exp[-j2rr(ux+vy)Jdxdy. (2.2) 

The inverse transform is: 

00 

f(x,y)= J jF(u,v)expU2rr(ux.,.vy)ldudv, (2.3) 

where u and v are the frequency variables. The Fourier transform of a real function is 

generally complex and has the form: 

F(u,v)=R(u,v) +jl(u,v), (2.4) 
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where R(u,v) and l(u,v) are the real and imaginary pans of F(u ,v), respectively. 

The Fourier spectrum of f(x,y) (Figure 2.1) is 

The phase angle and the power spectrum are given, respectively, by the relations 

and 

(a) 

<J>(u,v)=tan -1[/(u,v)], 
R(u,v) 

IF<u. v)l 

t 

(b) 

(2.5) 

(2.6) 

(2.7) 

Figure 2.1. Continuous Fourier Transform. (a) A two-dimensional function, (b) its 
Fourier spectrum. 

2.2.2 The Discrete Fourier Transform 

A continuous function f(x,y) may be discretized by taking N x N samples Ll.x and 

L\y units apart to obtain a sequence {f(x0+kLl.x,y0+llly )} = {f(k,l)} where k and l assume 

the integer values 0,1 , ... ,N-1. The discrete Fourier transform (DFT) pair applicable to such 

sampled continuous function is given by 
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N-1 N-1 

F(u,v)=-;:L Lf(k,/)exp[ -j2n(uk+vl)/NJ 
N k=O /=0 

(2.8) 

for u,v = O,l, ... ,N-1, and 

N-1 S-1 

f(k,/)=L L F(LU')exp[j2n(uk+vl)/N] (2.9) 
u=O v=O 

for k,l = 0,1 , .. . ,N-1. 

2.2.3 The Fast Fourier Transform 

The number of complex multiplications and additions required to compute the DFT 

of an N x N array is proportional to N:. By decomposing Eq. 2.8, the number of 

multiplication and addition operations can be made proportional to Nlog2N. Hence the 

computation time can be greatly reduced. The decomposition procedure is called the fast 

Fourier transform (FFT) algorithm. Hence, the transform can be written as 

1 F(u,v)=-[F (u.v)+F dd(u,v)W
2

,_u+v]. 2 even o · .• 1 

(2.10) 

where 

WN=exp[ -j2n/N], ( 2.11) 

and N is a positive power of 2 and M = N/2. 

2.3 Digital Enhancement Techniques 

The principal objective of enhancement techniques is to process a given image so 

that the result is more suitable than the original image for a specific application. The 
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enhancement process does not increase the inherent information content in the data. 

However it does increase the dynamic range of the chosen features so that they can be 

detected easily. Digital enhancement methods can be divided into two broad categories: 

spatial domain methods and frequency domain methods. The spatial domain techniques 

are based on direct manipulation of the pixels in an image, whereas the frequency domain 

methods are based on the modification of the Fourier transform of the image. 

2.3.1 Spatial Domain Methods 

The term "spatial domain" refers to the aggregate of pixels composing an image. 

Thus, spatial domain methods are procedures that operate directly on pixels. In the spatial 

domain, on image processing function may be expressed as 

g(x,y)=T[f(x,y)], (2.12) 

where f(x,y) is the input image, g(x,y) is the processed image, and T is an operator on f, 

defined over some neighborhood of (x,y). 

The spatial domain methods can be divided into two classes: point processing and 

neighborhood processing. In the case of point processing, individual pixel values are 

manipulated independently of other pixels. In neighborhood processing, groups of pixels 

are operated on. The operations may be either linear or nonlinear. 

2.3.2 Frequency Domain Methods 

Frequency domain methods are based on the modification of Fourier transforms 

of images. The methods which will be presented are linear frequency domain filtering, 

homomorphic filtering and an adaptive spectral enhancement technique. 

2.3.2.1 Linear Frequency Domain Filtering 

The foundation of linear frequency domain techniques is the convolution theorem 

[7]. Ignoring the noise, let g(x,y) be a degraded image formed by the convolution of an 

image f(x,y ), and a spatially invariant degrading operator hix,y): 
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g(x,y)=hlcy) *f(x,y). (2.13) 

Then, from the convolution theorem, 

G(u,v)=H iu,v)F(u,v), (2.14) 

where G, Hd, Fare the Fourier transforms of g, hd,f, respectively. Then, the enhancement 

process can be modeled in the frequency domain as 

F(u,v) =H(u,v)G(u.v), (2.15) 

or in the spatial domain as 

f(x,_v)=h(x,y) *g(x,y). (2.16) 

The filter H(u,v) is called the transfer function of the process. This operation is easier to 

perform in the frequency domain since multiplication is employed instead of convolution. 

Enhancement can be achieved by removing a particular frequency band which corresponds 

to the degrading function, and transforming the modified spectrum back to the spatial 

domain. Methods that can be applied are low-pass, high-pass and band-pass filtering. All 

three types of filters are referred to as "zero phase shift" filters, since they do not alter 

the phase of the transform. 

2.3.2.2 Homomorphic Filtering 

Ignoring the effect of the noise, let the degraded image g(x.y) be formed by 

multiplication of the image f(x,y) by the spatially invariant function hix,y), i.e., 
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g(x,y) =hJx,y)j(x,y). (2.17) 

In this case, taking the Fourier transform yields the convolution of Hiu,v) and F(u,v). 

When F(u,v) has to be recovered, a deconvolution operation is necessary. To avoid the 

convolution in the frequency domain, the logarithm of both sides of Eq. 2.17 may be 

taken to obtain 

log jg(x,y) I =log llz)x,y) I +log lf(x,yl J, (2.18) 

in spatial domain, and 

FUog jg(x,y) I}=F{log lhJx,y) i}+FUog [f(x,y) j}, (2.19) 

in frequency domain, where F is the Fourier transform operator. The degradation term 

may be removed from Eq. 2.19 by applying an appropriate frequency domain filter H(u,v) 

such as a low-pass, a band-pass or a high-pass filter. The enhanced image can be obtained 

from the resulting spectrum by taking the inverse Fourier transform and exponentiating, 

respectively, as shown in Figure 2.2. 

In FFT H(u,v) Inverse FFT exp 
f(x,y) g(x,y) 

Figure 2.2. Homomorphic filtering approach for image enhancement. 
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CHAPTER 3 

ENHANCEMENT AND MATCHING TECHNIQUES 

APPLIED TO FINGERPRINTS 

Employment of fingerprints as evidence of crime has been one of the most 

important utilities in forensics since the late 19th century. When there are no witnesses 

to a certain crime, fingerprints can be very useful in determining the offenders, and later, 

during the trial, in proving that they were present at the crime scene. 

The pores on the skin constantly release perspiration which is made of water, salt, 

oils and other substances produced by the body. When the skin comes in contact with a 

surface these substances are transferred to the surface touched. The impressions left on 

the surface are called latent fingerprints, and are caused by the ridges on the skin. In most 

cases, they are incomplete and degraded as shown in Figure 3.1. There are three classes 

of latent fingerprints: visible prints, caused by skin covered substances such as blood or 

ink; invisible prints made by contact of the clean skin with a smooth surface: plastic 

prints which are left on soft substances such as wax or grease [11]. 

All fingerprints are unique. The differences between fingerprints are due to the 

type and position of the ridge characteristics. The individual features that uniquely 

identify a fingerprint are called minutiae, which can be described as various ridge-pattern 

deviations as shown in Figure 3.2. On the other hand, fingerprints can be classified 

according to their patterns. Some general fingerprint patterns are given in Figure 3.3. 

Thus, the basic ridge patterns together with the minutiae and their locations on the 

fingerprint pattern, uniquely characterize a fingerprint [3]. 

Once a fingerprint is acquired there are two operations to be performed: 

enhancement and classification. The fingerprint obtained through conventional chemical 

treatment, or even with fluorescence chemical treatment and laser luminescence does 

usually not contain enough information to enable an accurate identification [2]. Therefore, 

in most cases the fingerprint has to be enhanced first. By doing so, the degradation 

and noise are suppressed, and the contrast is improved. Enhancement is followed by 
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(a) (b) 

Figure 3.1. Comparison between: (a) lifted fingerprint (b) inked fingerprint. 
Source: (Moenssens/1971) 

(a) (a) (b) (b) (c) (d) (e) (f) (f) (g) (g) 

Figure 3.2. Seven basic types of minutiae. (a) ridge termination, (b) fork or 
bifurcation, (c) enclosure or lake, (d) island, (e) short independent ridge, (f) spur or hook, 
and (g) crossover. 
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Loops 

Central pocket loop 

Plain arch Tented arch Plain whorl 

Figure 3.3. General fingerprint patterns. Source: (FBI/1963) 

Double loop 

;."~· ··· • .. 

l
r£<~ .• .. 

'I ,..._ • • . · .... . 
l 'ffm. •• ·· .•. . • ... . 1l~P ... :·:~j,v ~,~.~t .. ·~~. 

'"·.···~'· :...~ -. -~ •:,:. ·-·-· ~ 
~~:~: .:~·~-::~< 

Accidental 

classification which is basically matching the acquired fingerprint with one of the 

fingerprints already on file . 

3.1 The Digital Computer in Fingerprint 
Processing 

Computers play a very important role in both enhancement and classification of 

fingerprints. By making use of computers, enhancement of fingerprints with both linear 

and nonlinear methods can be achieved. At the same time, massive fingerprint files can 

be stored in computers for identification purposes. 

Law enforcement agencies are increasingly utilizing computerized search systems 

(4]. Among them are FBI with the FINDER system which provides a fully automatic 

fingerprint identification, the California Department of Justice with the Automated Latent 

Fingerprint System which gives for an unknown fingerprint 25 closest matches to be 
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checked manually, and the state of Alaska with the Automated Fingerprint Identification 

System which counts the number of ridges between a minutiae and its neighboring 

minutiae for matching. 

3.2 Description of the Image 
Analysis System 

The fingerprint images used in this study are acquired by a system that involves 

time-resolved luminescence imaging, using a gateable digital camera, under chopped laser 

excitation to permit fingerprint detection on strongly fluorescent surfaces [2]. The image 

is then digitized and stored in on 80386 based computer for subsequent application of 

digital enhancement and matching algorithms. The image acquisition and analysis 

system is shown in Figure 3.4. The images are of the size 512x512 and contain 256 gray 

levels. 

--~ 

Stanford Optics 
Gated Image 
Intensified 

Videocamera 

------- ---

Data Translation 
Frame Grabber 

512 X 512 
I Based · 

ltJI -80386 '---\ 

-
1

. Computer --- ) 

--- ----- - ~-- ----, 
Image 

Analysis 
Software 

Figure 3.4. The image acquisition and analysis system. 

3.3 Enhancement 

Display 
Monitor 

512 X 480 

--=~~--
Hard 

Copier 

-- -- -c---l::: 
Enhanced 

Fingerprint 
Image 

Enhancement and matching of fingerprints pose a difficult problem in image 

analysis applications. Even the latest techniques in laser luminescent image acquisition 
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of latent fingerprints result in extremely noisy images with nonuniform intensity levels 

and poor contrast l3]. The fingerprint images which are used in this study are acquired 

by a system that involves time-resolved luminescence imaging, using a gateable digital 

camera, under chopped laser excitation, as mentioned in section 3.2. As a result of this 

process the acquired fingerprint images are noisy and poor in contrast. Hence, image 

enhancement has to be performed prior to matching. 

Two different enhancement approaches are utilized: spatial domain enhancement 

and frequency domain enhancement. Spatial domain techniques are based on manipulation 

of the pixels, while frequency domain techniques are based on the modification of the 

Fourier transform of the image. 

3.3.1 Spatial Domain Methods 

Spatial domain methods are procedures that operate directly on pixels. In the 

spatial domain, the image processing function may be expressed as in Eq. 2.12. Spatial 

domain methods may be categorized in two cla~ses: point processing where individual 

pixel values are manipulated independently of other pixels, and neighborhood processing 

where groups of pixels are operated on. The operations can be either linear or nonlinear. 

3.3.1.1 Point Processing Techniques 

In techniques belonging to this particular class, individual pixels are manipulated 

independently of other pixels. The techniques which will be presented operate on the 

histogram of the image such as binarization and contrast enhancement techniques. 

3.3.1.1.1 Histogram Equalization. A histogram is a function that shows the 

distribution of pixel gray-level values in an image. If the image occupies only a small 

portion of the possible gray-level range then the contrast is low. Low contrast is usually 

due to poor or nonuniform lighting conditions or due to nonlinemity or small dynamic 

range of the imaging sensor. An enhanced image can be obtained by equalizing the 

histogram, i.e., changing the histogram to a uniform one, to improve the contrast [9]. 
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3.3.1.1.2 Contrast Stretching. Another way of enhancing low contrast images is 

contrast stretching. By perfonning contrast stretching, the dynamic range of the image is 

increased to fill the entire range available as shown in Figure 3.5. Thus, the enhanced 

intensity of the pixel to be processed is given by 

I (X, ')=255 (linpjx,y)-/mm)' 
output ) (/ - { . ) 

max mm 

(3.1) 

where l;npuz is the original (input) image pixel gray-level, and / output is the enhanced 

(output) image pixel gray-level. ! min and I max are the minimum-intensity gray-level and the 

maximum-intensity gray-level of the original image, respectively. The imaging system can 

resolve gray-levels having intensities ranging from 0 (black) to 255 (white). Hence, the 

factor 255 in Eq. 3.1 indicates the maximum gray-level value possible. In general, 

Ioutput 

255 

'--------'-:-----~- linput 
Imin Imax 255 

Figure 3.5. Contrast stretching. 

human eye can resolve around 30 shades of gray. Therefore, the enhanced Image 

usually contains more information then the human eye can extract. 

Due to the spatially varying background, performing contrast stretching on the 

entire image may not yield a satisfactory result. An alternative technique is adaptive 

contrast stretching. In this method, the image is divided into 32 x 32 or 64 x 64 
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input image 

~- .. - - . - ' - - - - - - -

! divide the image into subimages 
with 50 % overlap 

------- J ~ . -- I 

r-------: select subimag~ 

- ---=] ----~--: -
perform contrast stretching 

~-~~-= ~] -----· 
: multiply the contrast stretched image 

with a Hamming or Hanning window 
~---- -- ----

_] 
' copy the subimage to its corresponding 
~ --· __ Iocation r output file 

---------------- . - - .. -no ---------~---------- all subnnages ~-._ __ <______~':""~ 

output image 

Figure 3.6. Flowchart of adaptive contrast stretching. 

subimages with 50 % overlap, and contrast stretch is performed for each subimage 

individually by using Eq. 3.1. The overlap between the subimages is necessary to avoid 

discontinuities in the enhanced image. The flowchart for the algorithm is given in Figure 

3.6. The Hamming or Hanning window functions are utilized to achieve smoothness 

toward the edges of subimages before copying them to the output file. 

3.3.1.1.3 Binarization. In this technique, the gray-level value of a pixel is set to 

0 if it is below a certain threshold and to 255 otherwise (Figure 3.7), as given in Eq. 3.2. 
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I {
255, 

xr-
ourpu/ '- ) - 0 , 

!. (x,y)>Th 
111pu1 

otherwise 
(3.2) 

The threshold Th is usually determined by averaging the gray-levels of all pixels. 

Due to the spatially varying background, binarization using the mentioned threshold may 

not give a good result. 

- ---- -- -- -
!output 

255 

Th 255 
lin put 

-- -

Figure 3.7. Binarization. 

3.3.1.1.4 Level-Slice. In this technique, the gray-level value of a pixel is set to 

255, if it is within a certain range, and to 0 otherwise. as shown in Figure 3.8. The 

operator is 

I X , _f 255, 
oulpul( ,} ) --p , Th 1 <finp)x,y)<Th2 

otlzenrise 
(3.3) 

This transformation permits segmentation of a certain gray-level region from the 

rest of the image, and is useful when different features of an image are contained in 

different gray-levels. 
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I output 

255 

L---T-ttl ___ T ____ lin put 
h2 255 

Figure 3.8. Level-Slice. 

3.3.1.1.5 Contrast Reversal. A negative image can be obtained by reverse scaling 

of the gray-levels according to the transfonnation (Figure 3.9) 

I (X\') ='55-1 (X'') outpul '· ' - mput ~ ,_r • 
(3.4) 

Hence, black pixels become white, white pixels become black, and gray-leveb in between 

take on their respective reverse gray-level values. Since the eye responds logarithmically 

to brightness changes, details characterized by small brightness deviations in the white 

I output 

255 

L---------~-- lin put 
255 

Figure 3.9. Contrast reversal. 
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regions may be undetectable. Complementing the image converts these small changes in 

the white regions to the black regions, where they are more visible. 

3.3.1.1.6 Piecewise-Linear Stretching. When the input image is known to occupy 

the gray-level range (Th1,Th2) (Figure 3.10), the contrast within that range can be 

increased. Th1 and Th2 can be obtained by examining the histogram of the image. The gray 

scale interval where pixels occur most frequently can be stretched to improve the overall 

visibility of the image. 

!output 

255 

Figure 3.1 0. Piecewise-linear stretching. 

The transfom1ation for piecewise-linear stretching is given by 

{

a! (x.r). 
tnpUI • 

I X ' = bl (X,\'), output( ,) ) znpul · 
cl (X, r), 

Input • 

where a,c < 1 and b > 1. 

3.3.1.2 Neighborhood Processing Techniques 

OSJinput(x,y)<T hl 

Thlginpjx,y)<Th:'.· 
T g (X.\')<255 h2 znput -' 

(3.5) 

In neighborhood processing techniques, groups of pixels are operated on. A pixel 

value in the enhanced image is determined by a function operating on several pixel values 
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in the neighborhood of the pixel in the original image. The techni4ues can be either linear 

or nonlinear. Both of the techniques given are linear. 

3.3.1.2.1 Median Filtering. Median filtering is a rank ordering technique used for 

eliminating the noise. The image is scanned with a window containing an odd-number 

of pixels (3 x 3, 5 x 5 etc.), and the gray-level value of the center element is replaced by 

the median of the gray-level values of the pixels within that window. Median filtering is 

particularly effective when the noise pattern consists of strong, spikelike components, and 

where the characteristic to be preserved is the edge sharpness. This technique is superior 

to averaging the pixel values within the window to eliminate the noise since the averaging 

technique blurs the edges and other sharp details. For proper filtering, the image has to 

be scanned multiple times until the image is destroyed more than the noise is eliminated. 

The window function used for median filtering is 

all 0 12 al3 

w = az1 an an 
(3.6) 

m/ 

a31 a3z a33 

When the window function W mJ is employed, the comers and thin lines are 

eliminated, as well. This problem can be avoided if the window function 

(3.7) 

is utilized. However, in noise elimination, the window function Wm, is more effective 

compared to wm2· 

3.3.1.2.2 Adaptive Binarization. When the contrast of the Image to be 

processed is spatially-variant, applying binarization to the entire image does not yield a 

satisfactory result. The reason is that a constant threshold in binarization is very rarely 

correct for an entire image: the suitable threshold is different for each different 
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neighborhood. To compensate for spatially varying contrast an adaptive binarization 

technique may be applied [ 4]. The algorithm for adaptive binarization is given in Figure 

3.11. The image is scanned with an M x M window. The average gray-level value 

within the window is calculated, and the center pixel is thresholded to 0 or 255, 

depending on whether the value of the pixel is less than or greater than the local average. 

Multiple passes may produce a better result. 

input image 

' place the window over the image 
: ! 

I 
calculate the average gray-level 

.... --------- value within the '"·indow 

' ~ ------ ----- ves center pixel = 0 ---c----center pixel > averageT---- -~center pixel = 255 
no 

'--, . move the.,=-----------' 
no 

output image 

Figure 3.11. Flowchart of adaptive binarization. 

3.3.2 Frequency Domain Methods 

Frequency domain methods are based on the modification of Fourier transforms 

of images. 
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3.3.2.1 Low-Pass Filtering 

Low-pass filtering is achieved by attenuating or blocking the high frequency band 

of the Fourier transform of an image (Figure 3.12). This operation yields a smoother 

image. Low-pass filtering can be applied to noisy images to remove the noise which 

usually occupies high frequencies. The ideal low-pass filter is given by 

Jl, 
H(u,v)=}, 

(3.8) 
' if (u2+v2)1/2>Do 

where D0 is the cut-off frequency of the filter. 

H(u. v) 

H(u, v) 

1 
-oC!I~ij(... 

' I • • : 

0 1...------.L.--------t-. D(u, v) 
Do 

(a) (b) 

Figure 3.12. Low-pass filtering. (a) Perspective of an ideal low-pass filter, (b) filter 
cross section. 

3.3.2.2 High-Pass Filtering 

Edges and other abrupt changes in gray-levels are associated with high frequency 

components. Hence, image sharpening can be achieved in the frequency domain by a 

high-pass filtering process, which, in contrast with low-pass filtering, attenuates or blocks 

the low frequency components without disturbing high frequency information in the 

Fourier transform (Figure 3.13). High-pass filtering can be applied to degraded images. 

22 



The ideal high-pass filter is given by 

{

0, 
H(u,v)= 

1' 

(3.9) 

where Do is the cut-off frequency of the filter. 

H(u. v) lt(u . v) 

t 

(a) (b) 

Figure 3.13. High-pass filtering. (a) Perspective of an ideal high-pass filter, (b) 
filter cross section. 

3.3.2.3 Band-Pass Filtering 

Band-pass filtering is a combination of low-pass and high-pass filtering. Band-pass . 
filtering process passes a particular frequency component which contains information of 

the image. This technique can be applied to degraded and noisy images. 

The ideal band-pass filter is given by 

{

I, 
H(u,v)= 

0, 

(3.1 0) 

otherwise 

where D 1 and D 2 are the lower cut-off frequency and the upper cut-off frequency of the 

filter, respectively. 
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3.3.3 Spectral Enhancement Technique 

Enhancement of an image can be achieved in the frequency domain by removing 

a particular frequency band which corresponds to the degrading function, and 

transforming the modified spectrum back to the spatial domain [9]. However, a better 

enhancement can be achieved by amplifying the spectral components containing the most 

information in the image prior to applying the required filter [ 12]. 

The fingerprint patterns consist of ridges of specific spatial frequencies. Hence, 

the corresponding frequency bands contain more energy than other regions in the Fourier 

spectrum. This is verified by (i) blocking the band with highest energy, and (ii) passing 

only that particular band demonstrating no information content or the pattern, respectively. 

As seen in Figure 3.14, the fingerprint pattern vanishes when the band with the highest 

energy is blocked, and the pattern is preserved when only that band is passed. Since 

almost all the information of the fingerprint pattern is contained in those particular bands, 

the fingerprint can be enhanced by amplifying those bands while attenuating the others 

or keeping them as they are. 

As seen from the flowchart m Fig 3.15, in this type of spectral enhancement 

technique, the fingerprint image is divided into subimages with 50% or 75C'/c overlap to 

ensure the linearity of the fingerprint pattern in the window. The subimages are processed 

individually. The processed subimage is multiplied by a Hanning or Hamming window 

to achieve smoothness toward the edges, and is copied to its corresponding location in the 

output file. In this study, Hamming window is employed since it yielded a slightly better 

result for this particular application. The procedure is applied to the next subimage until 

all subimages are processed. The computation time depends on the amount of overlap 

as well as the size of the subimages. 

As seen in Figure 3.16 the technique yields prominent features in the fingerprint. 

When band-pass filtering is utilized following the amplification of the spectral band 

containing the highest energy, the noise is suppressed and the performance is further 

improved. 

24 



(a) 

(c) 

(e) 

r ~
r= . _-

(b) 

(d) 

(f) 

Figure 3.14. Spectral bands containing the fingerprint information. (a) A typical 
fingerprint subimage acquired by the system described, (b) Fourier transform of (a), (c) 
Fourier spectrum of (a) when the band with highest energy is blocked, (d) Inverse FFT 
of (c), (e) Fourier spectrum of (a) when only the band with highest energy is passed, (f) 
Inverse FFT of (e). 
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input image 

[-_-~i-vide -the image into subim~ges with soo/o- or -75o/o ov-erlap 
- - ~ -- ---- I - - -~ ---- - --- -

r------------ select subimage , 

~emove the ave~age gra;-ievel 
- - -- ' - ----

FFT 

' ----- - -- ----

determine the components with the highest energy 

~------ __ ---~--- -___ 1_ -- _-- -~-~~-- - -
amplify the components with the highest energy 

' band-pass filtering 

- --- I 
inverse FFT 

---- - -- -- J - ----~ ---~ 
: add the average gray-level --- - ----- --- l --- -------- --

multiply by Hamming or Hanning window 

~----- ' 
copy the image to its corresponding location in the output file 

----- ' 
---

no ----------------ali subimages .... __________________ < ___ processed? 

,-yes 

output file 

Figure 3.15. Flowchart of the spectral enhancement technique. 
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(a) (b) 

(c) (d) 

(e) 

Figure 3.16. Spectral enhancement technique. (a) The original subimage, (b) 
Fourier spectrum of (a), (c) the enhanced image by spectral amplification, (d) Fourier 
spectrum of (c), (e) the enhanced image by spectral amplification along with band-pass 
filtering, (f) Fourier spectrum of (c). 
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3.4 Matching 

Once the enhancement is achieved, the next step to be performed is matching of 

fingerprints. Since the processed fingerprint is usually a scaled, translated and rotated 

version of the fingerprint to be matched, features that are invariant to scale change, 

translation and rotation need to be extracted. Since the moment invariants of an image 

satisfy these requirements, they are utilized for matching. 

The moment invariants are a set of nonlinear functions which are invariant to 

translation, scale and rotation and are defined as the geometrical moments of the image 

[7], [8], [9]. Given a two-dimensional M x M image j(x,y), the (p+q)th geometrical 

moment is defined as 

.\1-1 .\1-l 

m =~ ~ Xp\'qf(x \') 
pq ~ ~ - . ~ , 

( 3.11) 
x=O y=O 

where p,q = 0, 1,2 .... 

For different size Images, the dynamic range of mpq has to be consistent. 

Therefore, theM x M image plane has to be mapped onto a square defined by x e 

[-1,+1], y e [-L+1]. The grid locations are no longer integers, but real values in the 

interval [-1,+1]. In this case, Eq. 3.11 becomes 

+] +l 

m =~ ~ xPr 91(x,r). 
pq ~ ~ - .1'-

( .112) 
x=-l _Y=-1 

A central moment can be defined to make the moments invariant to translation: 

+] +l 

llpq = L L (x-i)P(y-_V):f(x,y), (3.13) 
x=-l y=-1 

where 
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Central moments can be normalized to become scale invariant by defining 

fl 11 = pq 
pq ~· 

~"""00 

(3.14) 

where p + q = 2,3, .... 

From the second and third normalized central moments, a set of seven invariant 

moments can be derived. They are given by 

<1> 5 =(1130-31112)(1130 +1112)[ (1130 +1112)
2
- 3(1121 +1103f] 

+(31121 -1103)(1121 +1103)[3(1130 +1112)
2 

-(1121 +1103)
2
] 

<1> 6 =(112o -11o)[(rho +1112)
2 

-(1121 +1103?] 

+411n(113o +111)(1121 +1103) 
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(3.15) 

(3.16) 

(3.17) 

(3.18) 

(3.19) 

(3.20) 



<1>7 =(3ThJ -113o)(113o +1112)[ (113o +1112)2- 3(1121 +1103)2] 

+(31112 -113o)(l121 +1103)[3(113o +1112f-(112I +11o3f]. 
(3.21) 

For matching, from each fingerprint image several fingerprint images are obtained 

by rotating the original image by 90°, 180° and 270°, and by adding noise. The seven 

moment invariants for each image are then computed. Each image is mapped to a point 

in a seven dimensional vector space, in which the coordinates of that point are determined 

by the seven moment invariants of the corresponding image. For a particular image, these 

points will lie in a particular region, forming a class in the seven-dimensional vector 

space, since the moment invariants will have similar values for the rotated and noisy 

versions of an image. Hence, matching a fingerprint to one of the fingerprints on file 

reduces to a conventional classification problem. 

The classification is performed by utilizing the "nearest neighbor rule" [ 6 j, [ 1 0]. 

A set of seven "mean moment invariants" is formed for each class by computing the mean 

values of moment invariants in this class. Matching is achieved by calculating the 

distances between the moment invariants of the fingerprint to be matched and the mean 

moment invariants of the fingerprints in the file. The distances are calculated by using the 

Euclidean norm given as 

7 

d(i)=(L (<J>J -<)>mi)2)112, i=L2, ... , (3.22) 
j=l 

where ¢1 are the moment invariants of the g1ven fingerprint, and <l>miJ are the mean 

moment invariants of fingerprints in file. The given fingerprint is categorized to the class 

with the smallest distance. 

The moment invariants are very sensitive to noise. The presence of noise makes 

the classification very difficult. Therefore, the prominent features in the image have to 

be extracted while suppressing the noise. 
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CHAPTER 4 

RESULTS 

Conventional spatial domain enhancement techniques and Fourier domain filtering 

techniques, as well as the spectral enhancement technique given in Chapter 3 were applied 

to fingerprints for enhancement prior to matching and their performances were compared. 

In all cases, the spectral enhancement method yielded the best results in terms of both 

suppression of noise and extraction of prominent features. 

The spatial domain methods such as histogram equalization, contrast stretching and 

piecewise-linear stretching enhanced the contrast, but did not suppress the noise. On the 

other hand, median filtering and low-pass filtering suppressed the noise while blurring the 

images. High-pass filtering and adaptive binarization amplified the noise. Band-pass 

filtering suppressed the noise, but did not extract the prominent features. 

The results obtained by high-pass filtering and adaptive binarization were not 

suitable for moment matching because they were very noisy. Also the results produced 

by low-pass and median filtering could not be used for matching since they blurred the 

images. The performances of the contrast enhancement techniques and the band-pass 

filtering were slightly better than the others, but still much worse than the spectral 

enhancement technique. Neither of these results could be used since there was noise 

present in contrast enhanced images, and the prominent features were not extracted in 

band-pass filtered images. The results obtained by the spectral enhancement technique 

only were used for matching since they showed the prominent features, and the noise was 

suppressed significantly. 

In Figure 4.1 a fingerprint image acquired by the system described in section 1.2, 

and the enhanced images obtained by utilizing the techniques given in Chapter 3 are 

shown. 

As seen in Fig 4.1 the spectral enhancement technique yielded the best result. 

Hence, the results obtained by this method were employed for moment matching. 
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(a) 

(b) 

Figure 4.1. Results obtained by applying the enhancement techniques. (a) The 
original image, (b) enhancement of (a) by adaptive binarization, 
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(c) 

(d) 

Figure 4.1. (Continued) (c) enhancement of (a) by adaptive contrast stretching, (d) 
enhancement of (a) by piecewise-linear stretch, 
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(e) 

""~ · ' '"\ • • • I ,l . 
• • • - l ' • 

(f) 

.. 

Figure 4.1. (Continued) (e) enhancement of (a) by histogram equalization, (f) 
enhancement of (a) by contrast reversal, 
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(g) 

(h) 

Figure 4.1. (Continued) (g) enhancement of (a) by median filtering, (h) 
enhancement of (a) by low-pass filtering, 
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(i) 

(j) 

Figure 4.1. (Continued) (i) enhancement of (a) by high-pass filtering, (j) 
enhancement of (a) by band-pass filtering, 
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(k) 

Figure 4.1. (Continued) (k) enhancement of (a) by spectral enhancement and band
pass filtering. 

After performing the spectral enhancement, rotated and nmsy Images were 

generated from three different fingerprints to fom1 three classes as described in Chapter 

3. For each fingerprint, 8 images were produced: the enhanced image and its three rotated 

versions and the noisy enhanced image and its three rotated versions. Hence, 24 sets of 

moment invariants were obtained as given in Table 4.1. Then, mean values of moment 

invariants for each class were calculated to obtain 3 sets of moment invariants as given 

in Table 4.2. These sets were used to classify fingerprints containing different amounts 

of noise than the ones which were used to form the classes. The fingerprints were 

classified successfully when there was no or little noise present. 
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Table 4.1. Moment invariants. 

fingerprint 1. (class 1) 
enhanced 90° rotated 180C' rotated 270° rotated 

<1>11 191.8 229.6 221.4 188.1 
<1>21 17787.5 26181.9 22926.8 15173 
<1>31 28 29.6 15.7 26.9 
<1>41 23.3 9.4 12.7 8.8 
<)> 51 214.4 3.4 -1.9 -129.5 
<1>61 2401.3 -1402.3 -1879.3 -1076.2 
<1>71 227.1 82 49 -0.3 

nmsy 90° rotated 180° rotated 270° rotated 
<I> II 191.8 188.9 186.9 155.5 
<I> 21 17787.5 5388 16505.8 9867.6 
<I> 31 28 169.9 8.4 10.6 
<I> 41 23.3 32.8 3.1 4.8 
<I> 51 214.3 1571.6 -1.5 18.9 
<I> 61 2401.3 -2068.7 -270.6 -36 
<I> 71 227.2 1989.7 14.1 32.7 

fingerprint 2. (class 2) 
enhanced 90° rotated 180° rotated 270° rotated 

<l>tl 243.3 237.5 270.1 264.5 
<1>21 9793.9 33270.9 12110.7 12315.1 
<1>31 25674.3 34488.1 18692.6 26327.9 
<1>41 4782.1 4489.2 5280.7 5979.7 
<)> 51 9849702 25332427 14169999.1 61118533 
<1>61 409045.3 818260.1 576015.2 663294.7 
<1>71 2386649.6 -28286677.8 -27216425 -16002816.4 

nmsy 90° rotated 180° rotated 270° rotated 
<I> II 262.3 260 286.5 284.3 
<I> 21 8330.4 27416.8 9687.6 13629.9 
<I> 31 17328.8 22059.8 11661.7 19195.9 
<I> 41 3277.9 3037.5 3526.5 4396.4 
<I> 51 2155413.9 17014042.6 4852177.9 35874654.4 
<I> 61 268420.8 501376.2 346747.6 512681 
<1>71 5063747.2 -5679753.4 -11860020.2 -4926051.3 

fingerprint 3. (class 3) 
enhanced 90° rotated 180° rotated 270° rotated 

<!>tl 506.9 544.5 508.2 563.9 
<1>21 259.7 245.6 283.2 959.-l 
<1>31 46.1 81 46.3 39.8 
<1>41 36.9 54.4 37.4 26.9 
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Table 4.1. (Continued) 

<!»sl 146.7 157 3.5 124.9 -227.6 
<)»61 566.9 709.8 592.7 -804.4 
<)»71 292.4 3414.9 333.7 -685.7 

noisy 90° rotated 180° rotated 270° rotated 
<!»II 570.1 544.3 504.7 563.4 
<)»21 3422.5 211.8 240.1 912.6 
<)»31 76.7 83 44.3 39.4 
<)»41 18.2 52.7 22.4 25.3 
<!»sl 416.8 1422.3 95.5 -239.8 
<)»61 -451.7 674.5 316.4 -742.5 
<)»71 621 3325.9 292.3 -589.1 

Table 4.2. Mean moment invariants. 

fingemrint 1 fingemrint 2 fingerQtint 3 
<)»mil 199.5 263.4 537.8 
<)»m21 15245.7 15818.9 816.3 
<)»m31 75.2 22166.8 57.5 
<)»m41 14.9 4346.1 34.3 
<!»msl 483.2 21295868.5 14.9 
<)»m61 -553.4 511967.6 107.9 
<)»m71 280.7 -10815168.3 875 

As expected, the classification became more difficult as the amount of noise 

increased. In this case, the higher order moment invariants became rather more misleading 

than useful. However, noisy fingerprints were classified with almost 100 % accuracy by 

utilizing the first four moment invariants and ignoring the three higher order moment 

invariants as given in Table 4.3. 
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Table 4.3. Classification using mean moment invariants. 

fingerprint a : 
( -1 oo rotated and noisy version of fingerprint 1) 
<l>t = 239.6, <1>2 = 30222.9, <1>3 = 44.7, <1>4 = 14.9. 
Fingerprint a belongs to class 1 (correct classification). 
The distance is d = 14977.3. 

fingerprint b : 
( -85° rotated and noisy version of fingerprint 2) 
<l>t = 248.7, <1>2 = 14434.9, <1>3 = 32147.8, <1>4 = 7934.9. 
Fingerprint b belongs to class 2 (correct classification). 
The distance is d = 10696.5. 

fingerprint c : 
(90° rotated and noisy version of fingerprint 3) 
<!>t = 556.7, <1>2 = 1044.8, <1>3 = 25.7, <1>4 = 4.5. 
Fingerprint c belongs to class 3 (correct classification). 
The distance is d = 233.4. 

The results of this classification method have been confirmed by the Adaptive 

Fuzzy Leader Clustering (AFLC) technique which is a neural network based algorithm 

used for classifying data. AFLC is an unsupervised method which does not require the 

a priori information of the number of clusters present in the input dataset [ 13]. 

This algorithm was slightly modified to classify the fingerprint data. The moment 

invariants of the fingerprints were used as features for classification. In order to avoid the 

problems caused due to the unreliability of the higher order moments, weights were 

assigned to features. The lower order moments were weighted more heavily as compared 

to the higher order moments. This method is particularly useful for classifying data with 

a lot of features having varying degrees of prominence. Another change that was made 

was normalizing the data featurewise leading to a comparison of individual features. By 
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employing this method, clustering with 100 % accuracy for the fingerprint data was 

obtained. 
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CHAPTER 5 

CONCLUSIONS 

In this study, enhancement and matching techniques were applied to nmsy 

fingerprints with nonuniform contrast. The degraded images were very noisy due to the 

acquisition system. For enhancement, spatial domain as well as frequency domain 

techniques were utilized. Moment invariants of an image were used for matching. 

Moment invariants are a set of nonlinear functions derived from the geometrical moments 

of an image and are very sensitive to noise. Hence, the enhanced image prior to matching 

has to be almost noise-free and has to indicate prominent features. 

To obtain suitable results for matching the enhancement methods given in Chapter 

3 were applied to fingerprint images. Results obtained by applying a majority of the 

techniques introduced in Chapter 3 were not suitable for moment matching. Adaptive 

binarization and high-pass filtering produced noisy images, while low-pass and median 

filtering blurred the images. Contrast enhancement techniques and band-pass filtering 

yielded relatively better results. However, the results obtained by contrast enhancement 

techniques contained noise, and the results obtained by band-pass filtering did not show 

prominent features even though the noise was suppressed. 

The spectral enhancement technique introduced in this study yielded prominent 

features in fingerprints. Subsequent employment of a band-pass filter suppressed the 

noise. The results obtained by utilizing this technique were superior to those obtained by 

applying other conventional enhancement techniques. 

Since the images obtained by utilizing the spectral enhancement technique were 

almost noise-free and contained all the prominent features, the invariant moment matching 

technique could be applied. The nearest neighbor classifier yielded successful 

classification when the first four moment invariants were used. For noisy images the 

higher order moments were ignored because they were very sensitive to noise, and in this 

case they became rather more misleading than useful. However, using the modified AFLC 

algorithm with weighted features, successful clustering is achieved even when all seven 

moment invariants are taken into account. 
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Finally, the automated fingerprint matching systems used today employ costly 

main frame systems. In this study, fingerprint matching was performed with high accuracy 

utilizing a 80386 based computer. Employment of moment invariants of an image instead 

of the entire image for matching reduced the required disk space dramatically. For each 

fingerprint less than 150 bytes were used to store the moment invariants instead of using 

262144 bytes to store the entire image. 
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APPENDIX A 

COMPUTER PROGRAM: SPECTRAL ENHANCEMENT 

TECHNIQUE 
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1*****************************************1 
I* *I 
I* This program performs spectral enhancement. *I 
I* *I 
1*****************************************1 

#include "stdio.h" 
#include "float.h" 
#include "math.h" 
struct complex 
{ 

double x,y; 
} 

main() 
{ 

#define d 128 
#define dln 7 

int ib,jb,ic,jc,id,jd; I* i* =#rows and j* =#columns */ 

int ai,aj,win,window,subim=d,subwin,wnum,md=l,count,ww,rec,ucof,lcof; 

float ttavg=O.O,tavg=O.O,avg,acc,b[ d], wl d] [ d],swf d] [ d ],deg; 

int f[512][512],fo[512][512] ,fil d][ d ],fi2[ d ]f d]; 
I* input and output arrays */ 

struct complex fc[ d][d],fc2[d][dJ; /* complex arrays */ 

FILE *file_input, *file_output; 
I* input & output file pointers */ 

char input_file_name[20], output_file_name[20], row[512], dummy_char; 
/* character arrays */ 

printf("\nThis program processes %dx%d subimages.",d,d); 
printf(''\nTo change the size redefine d and din in computer program.\n "); 

printf("\nEnter the input filename = "): 
scanf("%s",input_file_name); 
file_input = fopen(input_file_name,"rb"): 

I* Open input file-read by bytes */ 
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printf(''\nEnter the output filename = "); 
scanf("%s" ,output_file_name ); 
file_output = fopen(output_file_name,"wb"); 

I* Open output file-write by bytes *I 

printf(''\nEnter the type of the window for subimages ( 1 = Hamming, 2 = Hanning) = 
"); 

scanf("%d",&subwin); 

printf(''\nEnter the type of the scanning window for Fourier domain ( 1 = Hamming, 2 
=Hanning, 3 =Rectangular) = "); 

scanf("%d",&window): 

if(subim == 16) 
rec = 2; 

if(subim == 32) 
rec = 4; 

if(subim == 64) 
rec = 6; 

if(subim == 128) 
rec = 8; 

printf(''\nEnter the size of the scanning window (recommended size = rkd) = ",rec): 
scanf("%d",&win); 

printf(''\nEnter the factor for amplification = "); 
scanf("%f' ,&de g): 

I* Window functions *I 

if(subwin == 1) 
for(ib=O; ib<subim; ib++) I* hamming window function *I 

b[ib] = 0.54 + 0.49*cos((ib-subiml2)*2*3.141579/subim): 
else 

for(ib=O; ib<subim; ib++) /* hanning window function *I 
b[ib] = 0.5 + 0.5*cos((ib-subim/2)*2*3.141579/subim); 

for(ib=O; ib<subim; ib++) 
for(jb=O; jb<subim; jb++) 

w[ib][jb] = b[ib]*b[jbj; 

if( window == 1) 
for(ib=O; ib<win; ib++) 

I* 2-D window function *I 
/* for subimages */ 

I* hamming window function *I 
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b[ib] = 0.54 + 0.49*cos((ib-win/2)*2*3.141579/win); 
if(window == 2) 

for(ib=O; ib<win; ib++) /* hanning window function */ 
b[ib] = 0.5 + O.S*cos((ib-win/2)*2*3.141579/win); 

if( window == 3) 
for(ib=O; ib<win; ib++) /* rectangular window function */ 

b[ib] = 1.0; 

for(ib=O; ib<win; ib++) 
forUb=O; jb<win; jb++) 

sw[ib][jb] = b[ib]*b[jb]; 

for(ib=O; ib<512; ib++) 
forUb=O; jb<512; jb++) 
{ 

} 

f[ib]fjb] = 0; 
fo[ib]fjbJ = 0: 

!* Reading a row at a time *I 

for(ib=O; ib<512; ib++) 
{ 

fread(row, 1 ,512,file_input); 
forUb=O; jb<512; jb++) 

f[ib][jb] = row[jb]; 

if(subim == 16) 
wnum = 63; 

if(subim == 32) 
wnum = 30; 

if(subim == 64) 
wnum = 15; 

if(subim == 128) 
wnum = 7; 

ww = wnum * wnum; 

count= 0; 

!* 2-D window function */ 
/* for scanning the Fourier spectrum */ 

for(id=O; id<wnum; id++) /* dividing the image into subimxsubim */ 
{ /* subimages with 50 % overlap */ 

forUd=O; jd<wnum; jd++) /*note: 512 = wnum*subim- (wnum-l)*subim/2 */ 
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!* = subim + (wnum-1 )*subim/2 *I 
count+= 1; 

printf("\nSubimage # %3d of clrd is being processed ... ( i = %2d; j = %2d 
) ",count, ww ,id,jd ); 

for(ib=O; ib<subim; ib++) 
forUb=O; jb<subim; jb++) 
{ 

fc[ib][jb].x = f[ib + id*subim/2][jb +jd*subim/2]; 
fc[ib][jb].y = 0.0; 

tavg = 0.0; 
for(ib=O; ib<subim; ib++) 

forUb=O; jb<subim; jb++) 
tavg += fc[ib][jb].x: 

tavg /= subim*subim: 

for(ib=O; ib<subim; ib++) 
forUb=O; jb<subim; jb++) 

fc[ib][jb].x -= tavg; 

twod_FFT(fc,dln,md); /* taking the FFT *! 

for(ib=O; ib<d/2; ib++) /* centering the magnitude */ 
forUb=O; jb<d/2; jb++) 

fc2[ib+d/2][jb+d/2] = fc[ib][jb]: 

for(ib=O; ib<d/2; ib++) 
for(jb=d/2; jb<d; jb++) 
fc2fib+d/2][jb-d/2] = fc[ibJ[jb]: 

for(ib=d/2; ib<d; ib++) 
forUb=O; jb<d/2; jb++) 

fc2[ib-d/2][jb+d/2] = fc[ib][jb]: 

for(ib=d/2; ib<d; ib++) 
forUb=d/2; jb<d; jb++) 

fc2[ib-d/2][jb-d/2] = fc[ib][jb]; 

for(ib=O; ib<d: ib++) 
forUb=O; jb<d; jb++) 

fi[ib][jb] = cabs(fc2[ib][jb].x,fc[iblfjb].y); 
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for(ib=O; ib<subim; ib++) 
for(jb=O; jb<subim; jb++) 

{ ? 
if(((ib-d/2)*(ib-d/2) + (jb-d/2)*(jb-d/2) < ucof*ucof) && 

((ib-d/2)*(ib-d/2) + (jb-d/2)*(jb-d/2) > lcof*lcof)) 

} 

{ 

fi[ibJUb] = filib][jb]; 
fc2fib][jb].x = fc2[ib]ljb].x; 
fc2[ibl[jb].y = fc2[ib][jb].y; 

else 
{ 

fi[ib][jb] = 0.0; 
if(ib == d/2 && jb == d/2) 
{ 

fc2[ib][jb].x = fc2[ib][jb].x; 
fc2[ib][jb].y = fc2[ib][jb].y; 

else 
{ 

fc2[ib][jb].x = 0.0; 
fc2[ib][jb].y = 0.0; 

/* Determining the region with the highest energy */ 

ace = 0; 
for(ib=d/2-win: ib<subim-win; ib+=win/2) 

for(jb=O; jb<subim-win; jb+=win/2) 
{ 

avg = 0.0; 
for(ic=O; ic<win; ic++) 

for(jc=O; jc<win; jc++) 
avg += fi[ib+ic ][jb+jc]; 

avg /= (win*win); 

if(avg > ace) 
{ 

ace= avg; 
ai = ib; 
aj = jb; 
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if(acc != 0.0) 
{ 

I* Amplifying the components with the highest energy */ 
for(ib=ai; ib<ai+win; ib++) 

for(jb=aj; jb<aj+win; jb++) 
fc2[ib]ljb].x *= deg*swlib-ai][jb-aj]; 

for(ib=aj; ib<aj+win; ib++) 
for(jb=ai; jb<ai+win; jb++) 

fc2[ib][jb].x *= deg*sw[ib-aj]ljb-ai]; 

for(ib=ai; ib<ai+win; ib++) 
for(jb=aj; jb<aj+win; jb++) 

fc2[ib]ljb].y *= deg*sw[ib-ai]ljb-aj]: 

for(ib=aj; ib<aj+win; ib++) 
for(jb=ai; jb<ai+win: jb++) 

fc2[ib][jb].y *= deg*sw[ib-aj]ljb-ai]; 

for(ib=O; ib<d/2; ib++) /* preparing for inverse FFT */ 
for(jb=O; jb<d/2; jb++) 

fc[ib+d/2][jb+d/2] = fc2[ib][jb]: 

for(ib=O; ib<d/2; ib++) 
for(jb=d/2; jb<d; jb++) 

fc[ib+d/2]fjb-d/2] = fc2[ib]fjb]; 

for(ib=d/2; ib<d; ib++) 
for(jb=O; jb<d/2; jb++) 

fc[ib-d/2J[jb+d/2J = fc2[ib][jbJ; 

for(ib=d/2; ib<d; ib++) 
for(jb=d/2; jb<d; jb++) 

fc[ib-d/2]fjb-d/2] = fc2[ib]ljb]; 

twod_FFT(fc,dln,-md); /* taking the inverse FFT */ 

for(ib=O; ib<subim; ib++) 
for(jb=O; jb<subim; jb++) 

fo[ib + id*subim/2Jijb + jd*subim/2] += 
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(int)((cabs(fc[ib][jb].x,fclib][jb].y) + tavg) * wlib][jbj + 0.5); 
I* Copying the windowed subimage into the output array */ 

I* Copying the resulting image into the output file */ 

for(ib=O; ib<512; ib++) 
{ 

for(j b=O; j b<512; j b++) 
{ 

} 

if(fo[ib][jb ]>255) 
row[jb] = 255; 

else 
row[jbj = fo[ib][jb]; 

fwrite(row,sizeof(dummy_char),512,file_output); 
} 

fclose(file_input); 
fclose(file_output); 

} /* End of main program */ 

twod_FFT( c,num,md) 

/* FFT Two-Dimensional subroutine: */ 
/*md = -1 : forward FFT *I 
/*md = 1 : inverse FFT *I 
/*The routine copies the transformed *I 
/*arrays back into originals. */ 

struct complex c[d]ldJ; 
{ 

struct complex a[ d I; 

int ii,jj,nn; 

nn = 1 << num; 
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for(ii=O; ii<nn; ii++) 
{ 

} 

forGj=O; jj<nn; jj++) 
aUj] = c[iiJUj]; 

oned_FFT(a,num,md); 

forGj=O; jj<nn; jj++) 
c[ii][jj] = afjj]; 

forGj=O; jj<nn; jj++) 
{ 

for(ii=O; ii<nn; ii++) 
a[ii] = c[iiJUjJ; 

oned_FFT(a,num,md); 

if(md < 0) 
{ 

for(ii=O; ii<nn; ii++) 
{ 

/* taking the FFT of the rows */ 

/* taking the FFT of the columns */ 

a[ii].x *= (float)d; /* for scaling (forward FFT) */ 
a[ii].y *= (float)d; 

} 
} 
else 
{ 

for(ii=O; ii<nn; ii++) 
{ 

a[ii].x /= (float)d; /* for scaling (inverse FFT) */ 
a[ii].y /= (float)d; 

} 

for(ii=O; ii<nn; ii++) 
c[ii][jj] = a[ii]; 

} /* End of twod_FFT *I 
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oned_FFT(f,num 1 ,md) 

I* FFT One-Dimensional subroutine: *I 
I* numl=M *I 
I* md=-1 : forward FFT *I 
I* md= 1 : inverse FFT *I 
I* The routine copies the transformed *I 
I* arrays back into the originals. *I 

struct complex f[]; 

int num1; 

{ 
struct complex t,u, w; 

float r,pi; 

int i,j=O,k,nn,le,le2,ip; 

nn = 1 << numl: 

for(i=O; i<nn-1: i++) 
{ 

ifU>i) 
{ 

} 

t = f[j]; 
f[j] = f[i]; 
f[i] = t; 

k=nn>>1: 
while(k <= j) 
{ 

} 

j -= k; 
k I= 2: 

j += k; 

pi = 4.0*atan( 1.0); 

for(i=O; i<num 1; i++) 
{ 

u.x = 1.0; 

I* reordering procedure for preparing arrays *I 
I* for FFT *I 

I* successive-doubling calculations *I 

55 



u.y = 0.0; 
le = 1 << (i+ 1 ); 
le2 = le >> 1; 
w.x = cos(pi/le2); 
w.y = (float)(md)*sin(pi/le2); 
for(j=O; j<le2; j++) 
{ 

k=j; 
while(k < nn) 
{ 

ip = k + le2; 
t.x = flip].x * u.x - f[ip].y * u.y; 
t.y = f[ipJ.x * u.y + f[ipJ.y * u.x; 
f[ip].x = flk].x - t.x; 

} 

f[ip].y = f[k].y - t.y; 
f[k].x += t.x; 
f[k].y += t.y; 
k += le; 

t = u; 
u.x = t.x * w.x - t.y * w.y; 
u.y = t.x * w.y + t.y * w.x; 

r = (float)nn; 

if(md < 0) 
{ 

for(i=O; i<nn; i++) 
{ 

I* copying arrays back into the originals *I 
I* and dividing by r = nn if forward FFT *I 

f[i].x = f[i].x I r; 
f[i].y = f[i].y I r; 

} I* End of oned_FFT *I 
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APPENDIX B 

COMPUTER PROGRAM: MOMENT MATCHING 
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1*******************************************1 
I* *I 
I* This program performs moment matching. *I 
I* *I 
1*******************************************1 

#include "stdio.h" 
#include "float.h" 
#include "math.h" 

int i,j,p,q; /* i =#rows and j =#columns */ 

FILE *file_input, *file l_input; 
!* input & output file pointers */ 

char input_file_name[20], input_filel_name[20J, row[512]: 
/* character arrays */ 

int f[512][512]: /*input array*/ 

int num,moment,nm; 

double m[4][4],u[4Jr4],n[4][4],mi[10],mo[ 10[[101 /*moments*/ 
,dis[ 1 0] ,dist[ 10] ll 0] ,min,dummy; 

double power[512][4J: /* 0, .. ,511 to the power 0, ... 3 *! 

double x,y; 

main() 
{ 

!* for translation-invariance */ 

printf('\nEnter input filename (image) = "); 
scanf("%s" ,input_file_name ); 
file_input = fopen(input_file_name, "rb" ): 

/* Open input file-read by bytes */ 

printf('\nEnter input filename (moments) = "); 
scanf("%s ",input_file 1_name ): 
file 1_input = fopen(input_file 1_name, "r" ); 

!* Open input file */ 

printf('\nEnter the number of fingerprints stored in computer = "); 
scanf("%d" ,&moment); 

58 



printf(''\nEnter the number of moments ( 1-X) you are interested in. X = "); 
scanf("o/t d" & )· c , nm, 

I* Reading a row at a time (image) */ 

for(i=O; i<512; i++) 
{ 

} 

fread(row, 1 ,512,file_input); 
for(j=O; j<512; j++) 

f[i]fj] = rowUl; 

I* Reading a number at a time (moments) */ 

for(i=l; i<moment+l; i++) 
for(j= 1; j<8; j++) 
{ 

fscanf(file l_input,"o/c lf",&dummy): 
mo[i][j] = dummy; 

} 

I* moments of the input image */ 

for(i=l; i<512: i++) 
power[i][O] = 1.0; 

power[O][O] = 0.0; 

I* normalized values for i to the *I 
I* power 0,1,2 and 3. i=1 to 511. *I 

for(i=O; i<512: i++) 
powerli][ 1] = il511.0; 

for(i=O; i<512; i++) 
power[i][2] = (il511.0) * (il511.0); 

for(i=O; i<512; i++) 
power[i][3] = (il511.0) * (il511.0) * (i/511.0); 

for(p=O; p<4; p++) 
for(q=O; q<4; q++) 

{ 
m[p][q] = 0.0; 
for(i=O; i<512; i++) 

for(j=O; j<512; j++) 
m[p][q] = m[p]fq] + powerli][pl*powerU][q]*f[i][j]; 
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x = m[1][0]/m[O][O]; 
y = m[0][1]/m[O]IO]; 

!* for translation-invariance */ 

I* central moments */ 

u[O][O] = m[O][O]; 
u[1][0] = 0; 
u[O][ 1] = 0; 
u[2][0] = m[2JIOJ- x*m[1ll0]; 
u[0][2] = m[0]12] - y*m[O]Il]; 
u[1][1J = m[1][1]- y*m[IJIO]; 
u[3][0] = m[3]10] - 3*x*m[2J[OJ + 2*x*x*m[ 1]10]: 
u[0][3] = m[0][3] - 3*y*m[OJ[2] + 2*y*y*m[O][l]; 
u[l][2] = m[l][2]- 2*y*m[l)fl]- x*m[0][2] + 2*y*y*m[l][O]; 
u[2][1] = m[2][1]- 2*x*m[l][l]- y*m[2][0] + 2*x*x*m[O][l]: 

!* normalized central moments */ 

for(p=O; p<4; p++) 
for(q=O; q<4; q++) 
{ 

if((p==O) && (q==O)) 
n[p][ql = 0.0; 

else 
n[p][q] = u[p][q] I (sqrt(u[OJ[O]) * pow(u[OJ10],(p+q+2))): 

} 

!* moment invariants */ 

mi[l] = n[2][0] + n[0][2]; 
mi[2] = (nf2][0] - n[0][2])*(n[2][0] - n[OJf2]) + 4*(n[l][lJ)*(n[lJ[l]): 
mi[3] = (n[3][0] - 3*n[1][2])*(n[3]10] - 3*n[l][2]) + 

(3*n[2][1] - n[0][3])*(3*n[2J[ 1] - n[OJ[3]): 
mi[4] = (n[3][0] + n[ll[2])*(n[3][0] + n[1Jf2J) + 

(n[2][1] + n[0][3])*(n[2][1] + n[O]f3j): 
mi[5] = (n[3][0] - 3*n[ 1 1[2]) * (n[3 ][0] + n[ 1 1[2]) * 

((n[3][0] +n[1][2J)*(n[3J[O] + n[1]12J)- 3*(n[2][1] + 
n[0][3])*(n[2][1] + n[0][3])): 

mi[6] = (n[2][0] - n[OJ[2]) * ((n[3]10] + n[l][2J)*(n[3J[O] + 
n[1][2])- (n[2][1] + n[OJ[3])*(n[2]11] + n[OJ[3])) + 
4*(n[l)fl])*(n[3J[O] + n[1Jf2])*(n[2]f1] + n[0][3]); 

mi[7] = (3*n[2][1] - n[0][3]) * (n[3][0] + n[1 ][2]) * ((n[3]f0] + 
n[ 1 ][2l)*(n[3][0] + nf 1 ][2]) - 3*(n[2 J[ 1] + n[O]I3 J)*(n[2]11) + 
n[0][3])) + (3*n[1][2]- nf3)[0])*(n[2][1] + n[OJ13))*(3*(n[3][0] + 
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n[l][2])*(n[3J[O] + n[l][2])- (n[21fll + nfOJ[3])*(n[2J[l] + n[OJ[3J)); 

for(i=l: i<8; i++) 
printf("\nmi(%d) = %lt\n",i,mi[i]); 

for(i=l; i<moment+l; i++) 
for(j= I; j<nm+ I; j++) 

dist[i]fj] = (mo[iJU] - miU])*(mo[iJUI - miU]); 

for(i=l; i<moment+l; i++) 
{ 

} 

dis[i] = 0.0; 
for(j= 1; j<nm+ 1; j++) 

dis[il += dist[i][j]; 

min = dis[ 1 ]: 
num = 1; 
for(i=2; i<moment+l; i++) 

if(dis[i] < min) 
{ 

min = dis[i]; 
num = i; 

min = sqrt(min); 

printf('\nThe given fingerprint matches with the fingerprint # %d." ,num); 
printf(''\Nthe distance is d = %f.\n",min); 

fclose( file _input); 
fclose(fi1e l_input); 

} /* End of main program *I 

61 


	31295006957319_0000
	31295006957319_0001
	31295006957319_0002
	31295006957319_0003
	31295006957319_0004
	31295006957319_0005
	31295006957319_0006
	31295006957319_0007
	31295006957319_0008
	31295006957319_0009
	31295006957319_0010
	31295006957319_0011
	31295006957319_0012
	31295006957319_0013
	31295006957319_0014
	31295006957319_0015
	31295006957319_0016
	31295006957319_0017
	31295006957319_0018
	31295006957319_0019
	31295006957319_0020
	31295006957319_0021
	31295006957319_0022
	31295006957319_0023
	31295006957319_0024
	31295006957319_0025
	31295006957319_0026
	31295006957319_0027
	31295006957319_0028
	31295006957319_0029
	31295006957319_0030
	31295006957319_0031
	31295006957319_0032
	31295006957319_0033
	31295006957319_0034
	31295006957319_0035
	31295006957319_0036
	31295006957319_0037
	31295006957319_0038
	31295006957319_0039
	31295006957319_0040
	31295006957319_0041
	31295006957319_0042
	31295006957319_0043
	31295006957319_0044
	31295006957319_0045
	31295006957319_0046
	31295006957319_0047
	31295006957319_0048
	31295006957319_0049
	31295006957319_0050
	31295006957319_0051
	31295006957319_0052
	31295006957319_0053
	31295006957319_0054
	31295006957319_0055
	31295006957319_0056
	31295006957319_0057
	31295006957319_0058
	31295006957319_0059
	31295006957319_0060
	31295006957319_0061
	31295006957319_0062
	31295006957319_0063
	31295006957319_0064
	31295006957319_0065
	31295006957319_0066
	31295006957319_0067
	31295006957319_0068

