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ABSTRACT

This project is concernedwith the statistical uniquenessof
“ngerprin ts. We aim to ultimately de ne criteria that will
allow an individual to be identied to a de ned con dence
level using "ngerprin t information. This has becomean im-
portant issue following seweral well publicised instances of
mistakesin identi cation by law enforcemert agencies.

Fingerprint based identi cation relies on nding matching
setsof ridge features (minutiae) betweena sample print and
one from a database. We presert some preliminary results
of a statistical analysis of the behaviour of two distributions
{ the match scoresbetween di®erert prints taken from the
same nger, and the match score between prints from two
di®erent ngers. Thesetwo distributions determine whether
it is possibleto specify selecta match threshold that will give
suxcient con dence in deciding whether or not two prints
are from the same source.

The above analysis employs a database of prints which have
the positions of the ridge features located manually. We are
alsoworking on the automated analysis of ngerprin t images
to extract these features. This will be a necessarystep in
analysing larger "ngerprin t databasesto obtain meaningful
detailed statistics on the spatial distribution of the features.

Keyw ords:  “ngerprin t classi cation, ngerprint feature
extraction, statistics, minutiae, identi cation.

CR Classi cations: 1.2.1 (Application and Expert Sys-
tems) - Medicine and Science.

1. INTRODUCTION

1.1 Biometric identi cation

Various techniques exist for characterising an individual based
on certain biological parameters believed to be unique to the
individual. These methods are known as biometric identi -
cation, and as well as "ngerprin ts they include iris imaging,
voice recognition, facerecognition and handwriting analysis.

A biometric identi cation system functions by employing
a matc her, dened as\a system that takes two samples
of biometric data and returns a score that indicates their
similarit y* [5]. This scoreis compared with a prespeci ed
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Figure 1: Typical distribution  of encoding di®er-
ences for samples from the same person (left), and
for di®eren t people (righ t), showing the trade-o® be-
tween false acceptance and false rejection.

threshold in order to decide whether or not two samples
originated from the same individual. Two kinds of errors
may occur when applying the matcher ([5, p 65]):

1. False Matc h (FM): Deciding that two biometrics are
from the sameidentit y, while in reality they are from
di®erert identities,

2. False Non-Matc h (FNM): Deciding that two bio-
metrics are not from the sameidentit y, while in reality
they are from the sameidentit y.

The rates at which these two types of error occur are de-
noted, respectively, FMR (False Match Rate) and FNMR
(FalseNon-Matc h Rate). There is always a tradeo® between
these two error rates { the FMR may be reduced by appro-
priately changing the value of the threshold, but this will
invariably result in a larger FNMR, and vice versa (Fig-
ure 1).

1.2 Fingerprints

Identi cation of an individual via "ngerprin t analysis has

traditionally relied on having a xed number of point matc hes

basedon the ridge pattern. A point matc h is a single fea-
ture, for example a ridge termination, that is identied in



both the input print and in the data print to which it is be-
ing matched. The feature set must satisfy, asfar aspossible,
the criteria of uniqguenessand invariance, so asto minimise
the probabilit y of a false match or a false non-match.

The manual examination and classi cation of “ngerprin ts is
a time-intensive and error-prone activity [16, P. 1] due to
the sheernumber of samplesin the databases,the attention
to detail required and the inadequacy of existing classi ca-
tion schemes. Serious concerns have been raised about the
reliabilit y of human examiners. Seweral casesof misidenti-
“cation based on "ngerprin ts, leading to wrongful arrests
and/or convictions, have beennoted [17] [28] [7].

Somethings that make "ngerprin t identi cation ditcult are:
incomplete prints, distortion of the print and nger injuries
such as cuts and scars[11], [16, pp. 131-132].

The result of these factors is that two prints of the same
“nger, taken at di®erert times, will never be identical even
if the same sensingtechnology is employed.

The use of "ngerprin ts in establishing the presenceof a sus-
pect at the sceneof a crime, or in clearing innocert suspects,
is well known and has a long history (seefor example [12,
pp. 275-317]). Newer applications include ([16]):

2 Authorisation of a personto enter arestricted area (in
lieu of requiring the personto carry a passcard),

2 User identi cation at an ATM (avoiding the need to
remember a PIN),

2 Use of the print as a seal of authenticity in lieu of a
signature.

A number of challengesin the courts to the reliabilit y of the
“xed point standard hasresulted in the abandonmernt of this
standard in most countries. The challenges have revolved
around the admissibilit y rules for scierti ¢ evidenceset forth
in the Daub ert vs. Merril Dow Pharmaceuticals case
in 1993in the U.S. The Daubert ruling laid down a number
of criteria for the admissibility of sciertic evidence, the
most signi cant in the current context being that the rate

of error should be known and stated [9]. Although this
case had nothing to do with "ngerprin ts, there are clearly
implications regarding the admissibility of "'ngerprin ts as
evidence. There is a need to properly assesshe reliabilit y
and validit y of the identi cation methods presertly used.

2. BACKGROUND

2.1 History of nger prints

Finger ridge patterns were noted and described in detail by
sciertists as early asthe 17th certury [12]. Sir Francis Gal-
ton (1822-1911),beganin the late 1880'sthe processof clas-
sifying "ngerprin ts according to the presenceand position of
\triangles", or delta regions, in the ridge °ow "eld. Follow-
ing on from this work, Edward Henry(1859-1931) identi ed
patterns in the ridge °ow which were to becomethe basis of
the standard "ngerprin t classi cation scheme described in
section 2.2.1[12, p. 278].

Many researders, eg. [21], have noted that:

2 The pattern appears to remain unchanged with age
and to regenerate even after seriousinjury to the skin.

2 Each individual has a wholly distinctiv e set of ridge
patterns.

The rst criminal conviction basedon the evidenceprovided
by \laten t" "ngerprin ts took place in Argentina in 1892[12,
p. 284].

2.2 Fingerprint Featuresand Classi cation
Before a print can be classi ed the relevant features must be
extracted, either manually or automatically . These features
are of three kinds:

2 Level 1 features:
°ow.

Large scale patterns of the ridge

2 Level 2 features: Finer scale features of the place-
ment and behaviour of the ridges themselves, espe-
cially instanceswhere ridges meet or terminate. These
features are referred to as min utiae .

2 Level 3 features: Details of the individual ridges,
eg. the location of the sweat pores on the ridges, or
irregularities in the ridge edges. These ertities are
much more ditcult than the level 1 and 2 features
to capture in a “ngerprin t image.

2.2.1 Levell Featues(Ridge Flow Patterns)
Penrose [21] describes how a system of lines (such as the
epidermal ridges on the "ngertips) that are locally parallel
but can curve gradually has certain topological constraints.
The lines may fan out and form cusps without disturbing
the continuity of the "eld. However there are two kinds of
discontin uity that can arise:

1. A loop is formed when the parallel "eld turns through
180F and meets itself.

2. A triradius or delta is formed when three "elds sur-
round a point, leaving a gap in the certre.

The presenceof a loop in a pattern requires that a triradius
also be present in order to maintain broad scale contin uity
of the ridge line °ow (this can be shown mathematically).

Berry and Stoney [4] classify these patterns into 4 types:
arch, tented arch, loop and whorl.

2 An arch "ngerprint has ridges that enter from one
side, rise to a hump, and leave from the opposite side.

2 A tented arch is similar to the plain arch, but con-
tains oneridge with a high curvature and contains one
loop and one delta.

2 A loop hasoneor moreridgesthat enter from oneside,
curve back, and leave on the same side they entered.
A loop may be further classied asaright loop or a
left loop according to whether the ridges enter and
leave from the right side or the left side.



2 A whorl contains at least one ridge that makesa com-
plete 360° path around the cerire of the feature. The
whorl class can be be further divided into two cate-
gories: twin loop or plain whorl ; the latter may be
thought of as two loops that coincide. In either case,
a whorl is always assaiated with exactly two deltas.

These 5 categories - arch, tented arch, right loop, left loop
and whorl, illustrated in "gure 2, form the basis of the
Galton-Henry classi cation scheme [12, p. 279], [16, pp.
173-174].

2.2.2 Level 2 Featues(Ridge Placementand Minu-
tiae)

Several classesof feature may beidenti ed. [4], for example,

de ne sewen basictypesof ne scaleridge features. However

these can all be described as combinations of the basic two:

ridge endings and ridge bifurcations . Figure 3 shows

sometypical occurrencesof these.

Subtypesinclude the indep endent ridge (a short isolated
ridge that can be represerted astwo ridge endings), and the
crossover (a short ridge running betweentwo longer ridges,
which can be speci ed as two bifurcations).

2.2.3 Level 3 Features(Fine Ridge Details)

Level 3 details are consideredbeyond the scope of this project.
Whilst details such as the individual sweat pores are fre-
quently visible in good quality databaseprints (\ten-prin ts"),
and improved latent “ngerprin t extraction techniques can of-
ten reveal thesefeaturesin a latent print, there hasbeenlit-
tle work done on the individualit y of these features, though
human "ngerprin t examiners frequently make use of them
as an additional aid to veri cation [2, pp 149-150].

2.2.4 Fingerprint Processingand Feature Extraction
There are seweral stepsinvolved in the useof "ngerprin ts for
identi cation purposes:

1. Selection of the appropriate parameters, eg. presence
or absenceof certain features in the ridge pattern.

2. Capture of the data, i.e. the image of the "ngerprin t.

3. Determination of the relevant parameters, i.e. identi-
“cation of features of the print (minutiae). This may
be manual or automated.

2.2.5 Fingerprint Classi cation

Oncethe parameters have beenextracted, the print must be
described by some classi cation scheme in order to narrow
down the seard for a matching database print as much as
possible. The Galton-Henry scheme provides an essetial
but very rudimentary initial classi cation, using only Level
1 detail. To narrow down signi cantly the number of possi-
ble matching prints, a much stronger analysis is necessary
using both level 1 and level 2 detail. Coetzee and Botha
[6] for example describe a number of di®erert classi cation
schemes:

(a) Arch

(c) Loop (d) Twin loop

(e) Whorl

Figure 2: Examples of ngerprin

t classes
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Figure 3: Closeup of portion of ngerprin t, indi-
cating some occurrences of ridge bifurcations and
terminations.

2 Using the directional image. Feature vectors are de-
rived based on the dominant ridge direction in ead
block of the image.

2 Using a Fourier Transform combined with a wedge-
ring detector which partitions the frequency domain
image into frequency componerts.

2 Using a correlation
print imagesdirectly.

classi er , which compares the

3. PREVIOUS WORK
3.1 Previous Work on Fingerprint Processing

and Feature Extraction
Jain and Pankati [11, Fig. 8.11] describes a typical feature
extraction algorithm at the conceptual level:

1. From the input image, estimate the ridge orien ta-
tion at ead point.

2. Generate a ridge represenation:

2 ]dentify the locations of the ridges.

2 Re ne the ridges to eliminate imp erfections such
as spurious gaps.

2 Use a thinning algorithm to reduce the ridges to
one pixel width, creating a \sk eleton image".

3. Analyse the ridges to identify the location and orien-
tation of the minutiae.

Most existing classi cation approaches make use of the ori-
entation image [16, P 176]. This represeration was rst
introduced by [10]. The orientation "eld may be computed
by the application of appropriate image Tters sensitive to
particular texture orientations ([8]; [14]). For example a 2-D
Gabor Tter may be applied to detect periodicity in a par-
ticular direction [27]. [19] show how to exciently compute
a hierarchy of such "Tters at various resolutions and various
orientations.

Another way to compute orientation is to employ Principal

Comp onent Analysis . This proceedsby taking the inten-
sity gradients in the x and y directions at eac point, and
constructing a correlation matrix. The orientation derived
in this way is e®ectiwely the direction in which the intensity
variation is a minimum. [3] describe a method for deriving

a high-resolution orientation "eld via Principal Component
Analysis, extracting the singular points, identifying ead as
a core or delta, and "nding their orientations.

Minutiae extraction can be performed by using the Cross-
ing Num ber or Conditon Num ber ([25]; [1]). The im-
age is rst preprocessed,in the course of which it is con-
verted to a binary image. The crossing number is then cal-
culated at ead pixel by traversing the eight neighbouring
pixels and counting the number of transitions between the
two possible binary values:

>@ - .
CN= (Pt i Pu) ]
k=1

where Py has the value O or 1, and Pg = P;.

A CN of 2 identi es aridge ending, while a CN of 6 identi es
a bifurcation.

The spacing between the ridges, or equivalently the ridge
frequency, may be a useful quantity for classi cation pur-
poses,and can be computed in a number of ways. Most
researders have proceededby rst producing an estimate
of the orientation "eld, then using one or more projections
perpendicular to the orientation to infer the ridge frequency.

Ratha et al. [22] for example analyse an image via the fol-
lowing steps:

1. Perform preprocessing and segmenation to convert
the image into a binary image with the print impres-
sion separated from the background.

2. Derivethe orientation "eld using Principal Component
Analysis. The variance also givesa \qualit y* measure-
ment for the orientation estimate.

3. Locate the ridges using a single projection perpendicu-
lar. to the orientation. The ridges are smoothed, then
the peaksare counted, giving a ridge count.

4. Locate the minutiae by constructing a skeleton image
and examining the behaviour of the binary values at
the neighbour points (i.e. using the Crossing Number
technique).

5. Perform postprocessingto eliminate spurious minutiae
{ ridge breaks, spikes, and minutiae intro duced as ar-
tifacts of boundary e®ects.

Mehtre [18] usesa similar approach, though in computing
the ridge directions he usesthe magnitudes of intensity dif-
ferences(whereas Principal Component Analysis is basedon
the squaresof these di®erences).

Maio and Maltoni [15] note that automatic minutia extrac-
tion is subject to three kinds of error:

1. False minutiae,



2. Misclassi cation (ridge ending classi ed as a ridge bi-
furcation or vice versa),

3. Missed (\dropp ed") minutiae.

These errors are caused by gaps in the impression of the
ridge lines, and by noisein the image.

In an attempt to reduce the rst two typesor error, they
employ a neural network based minutiae Tter. The minu-
tia neighbourhood is “rst normalised with respect to orien-
tation, scale and perturbations such as image intensity. A
neural network classi er is then applied to the resultant pat-
tern. They succeedin e®ectingsigni cant reductions in the
overall error rate, though with a small increasein the rate
of dropped minutiae.

The elimination of false minutiae is a “eld in itself. It is
important becausea falsely marked minutia point in a data
or sample print can dramatically increasethe likelihood of
a false match or a false non-match. Xiao and Raafat [29]
describe a combined statistical and structural approach to
removing false minutiae in skeleton "ngerprin t images.

3.2 Work on Fingerprint Classi cation and

Indi viduality

Beginning with the work of Galton in 1892, many researders
have devised models to describe the individualit y of "nger-
prints [24] [16, p 261]. Traditionally the number of matching
minutiae has beenusedasthe criterion for identi cation. In
the U.S., for example, atally of twelve match points was for-
merly regarded as de nitely suxcient, while seven or eight
was considered acceptable if the points satis ed an experi-
encedexaminer. Stoney concludes, however, that:

From a statistical viewpoint, the scierti¢ foun-
dation for "ngerprin t individualit y is incredibly
weak. [24]

A recert approach to classi cation is that taken by [26], who
perform a statistical analysis of the distribution of minutiae
over a 100 by 100 pixel grid certred on a given minutia and
aligned with the orientation of this minutia. The grid is
subdivided into 100 squares, each of size 10 by 10 pixels,
and a binary code is generated recording the presenceor
absenceof a minutia in ead square. A similarit y measure
betweentwo codesis then calculated by taking the Hamming
distance between the two bit sequences.The prints in the
database are thereby ranked according to the closenessof
the match with the latent print.

Pankati et al. [20] derive a formula for estimating the prob-
ability that two randomly selected prints that respectively
have m and n discernible minutiae will have a given num-
ber “2of minutiae that match, i.e. are presert in the same
location to within a certain spatial tolerance. The size of
this tolerance depends on the obserwed variation between
di®erent impressions of the same nger, and is selectedvia
analysis of a database of mated "ngerprin t pairs. Specifying
this tolerance determines the value of M, the total num-
ber of possible minutia locations. The probabilit y of such a

match follows a hyper-geometric distribution with parame-
ters M, m, n and % and is shown to be highly sensitive to
both the number of minutiae and the number of matches.
In other words, a misjudgment regarding the existence of a
minutia when examining the prints dramatically increases
the probabilit y of a false match or a false non-match.

4. THIS RESEARCH

There are two main componerts to this project:

1. Weemploy a point pattern matching technique to gather
statistics on the degreeof match in the con gurations
of features points betweenprints from di®erert ngers,
and also betweendi®erert prints from the same nger.
For this work a comparatively small database ( sev-
eral hundred prints) is available that contains prints
from which the features have already been manually
extracted and tabulated.

2. We are investigating ways of improving the automatic
extraction of features from the prints, in the hope that
this will enable us to generate more reliable statistical
information from much larger print databases, such
as those maintained by NIST which contain seweral
hundred thousand prints.

4.1 Feature Pattern Matching

The type of question one might want to ask is: given a
“ngerprin t with eleven feature points identied on it, how
many ngerprin ts are there in the database that contain
the same eleven points in roughly the samerelativ e spatial
positions, and what is the probabilit y that a di®erert print
will be matched more strongly than the correct print? A
related question is: given two prints taken from the same
“nger under di®erert circumstances, what is the nature of
the variation in the location of discernible features? The
answers to these questions will determine the reliabilit y of
this match point technique as a means of identi cation.

4.1.1 Methodolgy

Given a pair of prints to be examined for a possible match,
plus the positions of the features points in eac, we rst
generatea \feature descriptor" for eac feature point in each
of the two prints. This feature descriptor is basedon the the
spatial distribution and orientation of other minutiae in the
neighbourhood of the point. It is generated as follows:

2 A squarearray of cellsis setup. the cellsrepresert the
presenceor absenceof a minutia at the point in the
image whose displacemert from the reference minutia
corresponds to the coordinates of the cell. The cerre
cell therefore corresponds to the referencepoint.

2 The array is rotated soasto align it with the orienta-
tion of the referenceminutia.

2 A Gaussiansmoothing Tter is applied soasto provide
some spatial tolerance in the location of points when
testing for a match.

2 A similarity score between two feature descriptors is
then calculated by summing the absolute di®erences
of the values at corresponding cell locations. (A lower
value results in a higher similarit y score.)



Figure 4: Feature descriptor generated from a re-
gion containing four min utiae (including the refer-
ence min utia at the centre). The brigh t region in the
centre results from the overlapping of the blurred
images of the two min utiae near the centre.

Figure 4 shows the positions of minutiae in the neighbour-
hood of a referenceminutia, and the corresponding feature
descriptor.

The e®ectof the smoothing “Tter is that two feature points
need not lie at exactly the same pixel locations in order
to contribute to a high similarit y score; this allows for the
e®ectsof print distortion and inaccuracies in the imaging
process.

A list of putativ e rst-guess matchesis then generated. The
pair of points { one from the “rst print and the other from
the secondprint { whosefeature descriptors have the closest
match are chosen as the rst pair in the list. From the
points that remain, the most closely matching points from
ead set are chosen as the second pair, etc Although some
of the pairings may be erroneous{ i.e. evenif the two prints
are from the same nger the correct point correspondences
have not beenchosen{ it is expected that the percertage of
correct matches will be suzcient for this list of point pairs
to serve asinput to the secondstage of the procedure.

In the second stage, we perform an alignment by using a
RANSA C methodology to nd the translation and rotation
mapping that givesthe best correspondencebetweenthe two
paired sets of feature points. Having found the best relativ e
alignment for the two images, the number and quality of
the pairwise correspondencesare usedto calculate an overall
match scorefor the two images. Here \qualit y" refersto the
spatial separation betweenthe actual position of the feature
point in the secondimage and the position derived by taking
the position of its matched partner in the rst image and
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Figure 5: Frequency of a given number of matc h
points in prin ts tak en from di®erent "ngers. Upp er
curv e results from permitting an atne point trans-
formation, lower curv e results from allowing only
rigid transformations.

applying the rotation and translation transformation that
was calculated by the RANSA C algorithm.A pair of putativ e
matches is retained if this relative separation is less than
10% of the e®ective diameter of the point sets. This value
is somewhat arbitrary - a relativ e distortion of 30% is not
uncommon [26].

The number of point pairs that now remain in the list of
matchesis denoted the matc h score.

4.1.2 Results

We examined the statistical behaviour of the distribution of
the match scoresbetween prints from two di®erert "ngers
(‘gure 5).

There were 258 prints in the database;the number of pair-
wise comparisons was therefore about 33,000.

The mean number of match points is approximately sewen,
with a variance closeto one; note however that a small num-
ber of print pairs give at least ten match points. In fact there
were seweral print pairs in the database that showed twelve
or more match points.

It is true that this comparison considersonly the location
and orientation of minutia { other features such asthe ridge
orientation and spacing may well serve to di®erertiate be-
tween two prints from di®erent ngers. These results do
indicate however that using say an eleven-point match stan-
dard for identi cation is at best risky.

(For purp ose of comparison, when the matching algorithm
is applied to di®erert prints taken from the same nger, it
typically "nds all or nearly all of the matchesthat were man-
ually identied in the prints. Typically there are between
20 and 80 of these, depending on the quality of the latent



print.)

4.2 Automated Feature Extraction
4.2.1 Methodolgy

The components of the ridge "eld we are interested in are:

1. The orientation of the ridges,

2. The locations at which ridges terminate or bifurcate,
and the directionalit y of these features (i.e. in which
of two possible °ow directions is the ridge ending or
bifurcating?

We rst preprocessthe image by applying a Butterw orth
Filter which TTters out both high and low frequency com-
ponens. In doing this we take advantage of our knowledge
that the average ridge spacing on the "ngertips is about
0.5mm, and seldom di®ers from this average by more than
a factor of 2, so we do not need to retain features with a
frequency component outside this range. Removal of the
low frequency componerts e®ectively normalises the image,
sothat the mean intensity is zero over regions signi cantly
larger than the averageridge spacing.

We determine the orientation "eld via principal component
analysis (seesection 3.1). It can be shown that the direction
p for which the mean squared gradient of image intensity is
a maximum is given by:

2u= atan2(P;D)

where:

2 P = 2Gy
2 D=0Gxi Gyy

2 Gy is the mean squared gradient in the x direction,
2 Gyy is the mean squared gradient in the y direction,

2 Gyy is the mean product of the x and y gradients.

This givestwo values of p (di®ering by 180%) for which the
mean squared gradient is a maximum; the two directions
at right anglesto these therefore give the orientation of the
ridges. Along with the orientation we calculate the coher-
ence, which is a measure of the anisotropy of the image
gradient. we de ne the coherenceC as:

c. PzED?
"~ Gx * Gyy

Here the numerator represerts the total directional gradient
response while the denominator represerts the total vari-
ance (which includes any non-directional variance). For an
image region containing perfectly parallel lines of uniform
intensity the coherencewould be 1, while a value of zero
would correspond to a region where the intensity variation
is independert of direction.

The orientation "eld now enablesus to locate the coresand
deltas in the print. In tracing out a closedpath on the image

(a) Core

(b) Delta

Figure 6: Closed loop surrounding
showing the orien tation
around the curv e.

a singular point,
vector at various points

and observing the behaviour of the ridge orientation vector,
we note that in most casesthe nett change in u is zero.
However, if the path surrounds a core point or a delta, the
changeis pis ¥or | Yarespectively (see gure 6). This total
change in p is denoted the Poincar § Index (here referred
to asPl).

Making use of Green's Theorem [23, P 916], which relates
the integral of a quantity around a closed curve to the in-
tegral of the curl of the quantity over the area inside the
curve:

I Z p 1

@ @&
dx+ Qdy)= &; &
(Pdx + Qdy) L@ @

and setting P = @=@ and Q = @=@

we nd that the Poincar§ Index is equal to the algebraic
sum of the Poincar$ indices for all points inside the curve as
given by

Pl = @=-&i @=-@

In other words, the sum of the Poincar§ indices for all points
in a region is equal to ¥atimes the di®erencebetween the
number of coresand the number of deltas.

Ridge lines in real "ngerprint images contain many tiny
breaks and irregularities. and it is necessaryto distinguish
these true ridge endings. The solution adopted is to use a
bank of oriented smoothing TTters. At eac point in the im-
age, the appropriate Tter is selectedthat corresponds with
the orientation of the ridge. Sudh smoothing can be ap-
plied iterativ ely, resulting in an image in which the ridges
are smooth and uniform but still well de ned.

A ridge map is then generated by simply thresholding the
resulting image at zero.

The minutiae are located by a modi ed version of the Cross-
ing Number called the Div ergence Num ber (DN), which



is calculated by traversing a path around a unit cell, one
pixel on a side, and counting crossingsas positive or nega-
tive according to whether they are leaving or entering the
cell (as given by the ridge orientation) (see gure 7).

For a unit cell there are only 3 possiblevaluesof DN: § 2 or
zero. A non-zero value indicates a change in the number of
ridges, i.e. a minutia. A direction can then be assignedto
the minutia by multiplying the divergencenumber by a unit
vector in the direction of the ridge orientation.

4.2.2 Results

Figure 8 shows a typical input image and the results of var-
ious stagesof processing. It can be seenthat, in the area of
the image corresponding to the actual "ngerprin t, we obtain
a good orientation “eld and a clean well de'ned ridge map.

The methodology also calculates orientation valuesand nds
spurious ridges and minutiae in parts of the image outside
the "ngerprin t. An ongoing challenge is the segmeration of
the image to separate the print from the background. the
directional coherenceis useful for this but is not sutcient
{ artifacts such as ruled lines and handwriting display a
high degreeof directional coherencebut are not part of the
“ngerprin t.

5. FUTURE WORK

The chief task remaining in the feature extraction compo-
nent of the project is to reliably separate the "ngerprin t
from the background.

Once this is achieved, we will have a meansof automatically
locating the singular points and minutiae, and will bein a
position to apply this to the imagesin the extensive NIST
databasesand derive somestatistics on the spatial distribu-
tion of the features.

Clearly the question of whether "ngerprin ts are really unique
can only be answered with certainty by examining the n-
ger ridge patterns of every human on the planet. However,
by examining the frequency of occurrence of various ridge
patterns, over areasranging in size from very small regions
to a signi cant fraction of the whole "ngerprin t, we hope
to be able to provide a sciernti cally based estimate of the
probabilit y of occurrence of a given pattern.

6. CONCLUSION

Preliminary statistical results show that there is a small but
non-negligible probabilit y of two prints from two di®erert
“ngers giving a similar pattern of features, indicating that
the number of match points is probably not a suzciently
reliable determinant of individualit y. (This fact is acknowl-
edgedby ngerprin t examiners, who have for the most part
abandoned the number-of-match-points standard in favour
of a more holistic approach that looks at every discernible
aspect of a print including level 3 detail if available.)

Automated feature extraction is de nitely feasible, at least
to a high enough accuracy to permit the output to be used
as the input to a more thorough analysis of large numbers
of good quality prints, to derive some answers on the indi-
vidualit y of given patterns.

DN =0

(a) Ridge traversing cell: DN = (+1) + 0+ 0+ (j 1) = 0.

0 DN = +1 1

DN=0

DN=0

0

(b) Ridge ending in celtDN = 0+ (+1) + (+1) + 0= 2.

Figure 7: Calculation of Div ergence Num ber by
tracing a path around a unit cell and counting tran-
sitions between the 2 possible values in the binary
ridge map.
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Figure 8: Typical "ngerprin t image and the results
of pro cessing.
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