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Abstract. Wepresert anovel ngerprin t alignment and matching scheme
that utilizes ridge feature maps to represert, align and match ngerprin t
images. The technique described here obviates the need for extracting
minutiae points or the core point to either align or match ngerprin t im-
ages.The proposedscheme examinesthe ridge strength (in local neigh-
borhoods of the ngerprin t image) at various orientations, using a set of
8 Gabor Iters, whosespatial frequenciescorrespond to the averageinter-
ridge spacingin ngerprin ts. A standard deviation map corresponding to
the variation in local pixel intensities in eat of the 8 ltered images,is
generated. The standard deviation map is sampled at regular intervalsin
both the horizontal and vertical directions, to construct the ridge feature
map. The ridge feature map provides a compact xed-length represen-
tation for a ngerprin t image. When a query print is preserted to the
system, the standard deviation map of the query image and the ridge
feature map of the template are correlated, in order to determine the
translation o sets necessaryto align them. Based on the translation o -
sets, a matching scoreis generated by computing the Euclidean distance
betweenthe aligned feature maps. Feature extraction and matching takes

1 secondin a Pentium 111, 800 MHz processor.Combining the match-
ing score generated by the proposedtechnique with that obtained from
a minutiae-based matcher results in an overall improvemert in perfor-
mance of a ngerprin t matching system.

1 Intro duction

The uniquenessof a ngerprint is determined by the topographic relief of its
ridge structure and the presenceof certain ridge anomaliestermed as minutiae
points (Figure 1(a)). The ridge structure in a ngerprint can be viewed as an
oriented texture pattern having a dominant spatial frequencyand orientation in a
local neighborhood. The frequencyis dueto the inter-ridge spacingpresert in the
ngerprin t (Figure 1(b)), and the orientation is dueto the o w pattern exhibited
by the ridges (Figure 1(c)). By capturing the frequencyand orientation of ridges
in local regionsin the ngerprint, a distinct represeration of the ngerprint is
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possible. Two suc techniques of represeriation have been discussedin [1] and
[2]. Both techniques apply a set of 8 Gabor lters to a ngerprint image; the
resulting ltered imagesare then tessellatedinto cells,and the grayscalevariance
within a cell is usedto quantify the underlying ridge structure. The grayscale
variancein a cell capturesthe local ridge property, and the ordered enumeration
of the tessellation captures the invariant glokal relationships among the local
patterns. While in [1] a circular tessellation about the core point is employed, [2]
usesa squat tessellation over the entire image. Matching two ngerprin ts using
such a represetation requires a suitable alignment of the template and query
images.In [1] the core point is used for alignment, while [2] usesthe minutiae
elds of the two ngerprin t imagesfor alignment. These techniques, however,
have the following drawbadks:
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Fig. 1. (&) A ngerprin t image with the core and four minutiae points marked on it. (b)
the constant inter-ridge spacingin a local region of the ngerprin t; (c) the dominant
direction of the ridgesin (b); (d) the power spectrum of (a).

1. Detecting the corepoint is not an easyproblem. Further, in imagesacquired
using small solid-state sensors,the core point may not even be preser, or
may be presert closeto the boundary of the image. If the coreis incorrectly
detected, then the feature sets cannot be reliably compared, and in images
that lack a core point, the technique described in [1] cannot be used.

2. In poor quality images(viz., imagesof dry ngers or ngers having cuts and
bruises), the minutiae information may not be reliable due to spurious or
missing minutiae points. Consequetly, the alignment described in [2] may
be erroneous.

To circumvert the problem of unreliable landmark points (i.e., coreand minu-
tiae points), we proposea technique that usesthe extracted feature setsthem-
selvesto align and match ngerprin t images. The feature set, in this case,is a
ridge feature map that capturesthe local ridge strengths at various orientations.
The local ridge characteristics are extracted via a set of Gabor lters that are
pre-tunedto a speci ¢ frequencycorresponding to the averageinter-ridge spacing
in a ngerprint image. A template ngerprint imageis Itered using this set of



Appeared in Proc. of Post-ECCV Workshop on Biometric Authentication, LNCS
2359, pp.48-57, Denmark, June 1, 2002.

Gabor Iters; a standard deviation map is next computed using eac Itered im-

age;the standard deviation map is then sampledat regular intervals to generate
the ridge feature map. Fingerprint veri cation entails correlating the standard

deviation map of the query imagewith the ridge feature map of the template. A

two-dimensionalcorrelation is performed thereby taking the spatial relationship

betweenfeature valuesinto accourt. A matching scoreis generatedusing the Eu-

clidean distance metric betweencorresponding elemeris in the ridge feature map

of the template and the standard deviation map of the query image. Basedon

the matching score,and a pre-speci ed threshold, the query imageis declaredto

match successfully(genuine) or unsuccessfully(imp ostor) with the template. In

the following sectionswe describe the feature extraction and correlation process
in more detail.

2 Ridge Feature Maps

Fingerprint matching techniques can be broadly classi ed as being minutiae-
basedor correlation-based[3]. Minutiae-basedtechniques attempt to align two
minutiae setsto determine the total number of matched minutiae pairs [4] [5].
Correlation-based techniques, on the other hand, compare the global pattern
of ridges and furrows to seeif the ridge structure in the two ngerprin t images
align [6] [7]. The performanceof minutiae-basedtechniquesrelieson the accurate
detection of minutiae points and the use of sophisticated matching techniques
to compare the two minutiae sets. The performance of correlation-basedtech-
niquesis a ected by non-linear distortions and noise presen in the image. In
general, it has been obsened that minutiae-based techniques perform better
than correlation-basedones.

Correlation-based techniques su er from the following problems [3]: (a) A
ngerprin t image may have non-linear warping due to the e ect of pressinga
convexelasticsurface(the nger) ona at surface(the sensor).Moreover, various
sub-regionsin the sensedimage are distorted di erently dueto the non-uniform
pressureapplied by the subject. It is dicult to compare two such distorted
prints, even if translation and rotation e ects are considered.(b) Basedon the
moisture content of the skin, the acquired imagesmay have either thin or thick
ridges. Further, the quality of the imagesacquired using the sensormay vary
with time, thereby complicating the correlation process.Hence, an invariant?!
represeration of the ngerprin t is necessaryif a correlation type matcher is used.
As noted in the previous section, the ridge orientation in alocal neighborhood of
the ngerprin t image has a dominant direction. Thus, features assaiated with
the strength of the ridges (in a local neighborhood), at various orientations,
may be usedto represern a ngerprin t image. To capture this information, 2D
Gabor Iters are used.These lters optimally capture both local orientation and
frequencyinformation very well.? By tuning a Gabor Iter to a specic frequency

! Invariant to noise, distortions and ridge width variabilit y.
2 They are optimal in the sensethat they try to minimize simultaneously the joint
space-spatial frequency uncertainty [8].
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and direction, the local frequencyand orientation information can be obtained.
An even symmetric Gabor Iter has the following general form in the spatial
domain:

1 x@
Gi(xy)=exp — =5+ coq2 fx9; 1)
X
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x%= xsin + ycos,y’= xcos ysin ;

wheref is the frequency of the sinusoidal plane wave at an angle with the x-
axis, and » and y are the standard deviations of the Gaussianervelope along
the x and y axes,respectively.

For extracting the responseof the ridge at various orientations of the Gabor
lter, the parameters(f, x, y, ) aresetto the following values: (i) The fre-
quency, f, is setto correspond to the inter-ridge distancein ngerprin t images.
For the 300 300 (500 dpi) images obtained using the Veridicom sensorand
resizedto 240 240 (seesection 4), the averageinter-ridge spacingis about 8
pixels. Hence,f = % = 0:125.(ii) The selectionof the standard deviation values,
x and y, involvesa trade-o. Larger valuesare more robust to noise, but will
not capture ridge information at a ne level. Smaller values, on the other hand,
are lessrobust to noisein the image, but capture ridge information very well.
Based on empirical data [9], both thesevaluesare setto 4,i.e.,, x = y= =
4. (iii) Eight di erent orientations are examined. These correspond to  values
of 0, 225,45, 675,90, 1125, 135, 1575 . These parameters are xed
during the feature extraction process,allowing for pre-storing the Gabor Iter
represerations in alookup table referredto asthe Gabor Iter bank. This Iter
bank precalculatesthe Fourier represenation of the Gabor Iter for all orienta-
tions of interest. This formulation substartially improvesthe feature extraction
time.
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Fig. 2. (a) Original ngerprin t image. (b) Fingerprint image after enhancemer. (c)
Fingerprint image after segmeration.
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2.1 Constructing the Ridge Feature Map

The 240 240input ngerprint image, |, is convolved with the 8 Gabor lters,
fG g. Sincethe input image may be noisy, it is rst enhancedbefore applying
the lters. Enhancemer improvesthe clarity of the ridge and furrow structure in
the ngerprin t image [10]. We usethe technique described in [9] to enhancethe
ngerprin t image (Figure 2(b)). A segmettation algorithm is alsoapplied on the
input imageto identify the foreground and badkground regions. The foreground
correspondsto thoseregionsin the imagethat haveridgesand furrows, while the
badkground represerts those regionsthat do not have this information (Figure
2(c)). Segmetmation is useful during the matching phase, when the distance
betweentwo feature maps is computed.

Let H indicate the 240 240enhancedimage.Convolving H with the 8 Gabor
Iters in the spatial domain would be a computationally intensive operation. In
order to speed-upthis operation, the convolution is performed in the frequency
domain. Let F(H) denote the discrete Fourier transform of H, and let F (G )
indicate the discrete Fourier transform of the Gabor Iter having the spatial
orientation as described by Equation (1). Then the Gabor Itered image,V ,
may be obtained as,

V =F F(H)FG ) )

where F ! is the inverse Fourier transform. 8 ltered imagesare obtained in
this way (Figure 3). Each V is usedto construct a standard deviation image,
S , where S (x;y) represerts the standard deviation of the pixel intensities in a
16 16 neighborhood of (x;y) in V. The standard deviation map, S = fS g,
comprisesof 8 images corresponding to the 8 ltered images. Thus, the stan-
dard deviation map, S, captures the variation in the ridge strength at various
orientations (Figure 4). Each standard deviation image, S , is then sampled at
regular intervals (every 16™ pixel) in both the horizontal and vertical direc-
tions to obtain the ridge feature image, R (Figure 5). The ridge feature map,
R = fR g, is composedof these8 images.The sizeof R (15 15) is lesserthan
that of S (240 240). We, therefore, have a compact xed-length (15 15 8
= 1;800-valued) represeration for the ngerprin t.

3 Fingerprin t Matc hing Using Ridge Feature Maps

The processof ngerprint matching involves comparing a query print with a
set of one or more template prints. Prior to the matching process,ridge feature
maps are extracted from all template imagespresen in the database.When a
query print, Q, is presened to the system,it is matched againsta template ridge
map, RT = fRT g asfollows:

1. The query imageis enhancedand the set of 8 Gabor lters is applied to the
enhancedimage, resulting in 8 Itered images.

2. The standard deviation map, SQ = fSQg, for the query imageis constructed
using these ltered images.
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Fig. 3. Results of the ltering processon the enhancedimage in Figure 2(b). The 8
images correspond to the 8 di erent orientations of the Gabor lter.
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Fig. 4. The standard deviation map, fS g of the ltered images shown in Figure 3.
Each image is 240 240.
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Fig. 5. The ridge feature map, fR g, of the Itered imagesshown in Figure 3. Each
imageis 15 15.

3. Each of the 8 template ridge feature images,R", is “expanded'to the size
of S by interpolating with 0's. Let the ridge feature map consisting of the
interpolated imagesbe indicated by ST = fSTg.

4. To determinethe alignment betweenS® and ST, a 2D correlation of the two
mapsis performed. Correlation involvesmultiplying corresponding ertries in
the two mapsat all possibletranslation o sets, and determining the sum. The
o set that resultsin the maximum sumis chosento be the optimal alignment
between the two maps. Correlation is done in the frequency domain, and
every o set is appropriately weighted. The weighting is necessaryto accourt
for the amourt of overlap between the two maps. Let Ut represert the
unweighted correlation matrix, and Cyq represert the weighted correlation
matrix. Let N N be the size of a standard deviation image (N = 240).
Then,

X
ff MF(SHF(SNg ®3)

UTQ

Uro(X;y) N N
(N h)(N - wy)’

Xx=1:::N;y=1:::N 4

Cra(xy)
where,
. N N . . N N .
hy =j [(x + ?)modN] EJ andwy =j [(y + ?)modN] E]
The optimal o set (tx;ty) required to align SQ with ST is then determined

as,
(t3;t9) = argmaxf Crqo(x; y)gix = 1:::Njy = 1:::N
Xy
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t = t2 iftd < & )
2 N ift? &
0 £ 10 o N.
t, = ty if ty < 7 (6)
U9 N i Y

Equations (5) and (6) are usedto decideif the o sets are negative or positive.

5. At this optimal o set, the Euclidean distance between corresponding non-
zero foreground elemerts in fSQg and f ST g is computed. This distance is
treated asthe matching scorebetweenthe query print, Q and the template,
T. Basedon the matching score,and the pre-speci ed threshold, the query
image is said to have matched successfullyor unsuccessfullywith the tem-
plate.

The above procedure doesnot accourt for the rotational o set betweenthe
query and the template feature maps. To accourt for rotational o sets, vari-
ous rotated versionsof the template ridge feature map may be correlated with
the query feature map, and the optimal alignment computed. Alternately, FFT-
based registration techniques (like the Fourier-Mellin transform) may be em-
ployed. Howewer this has not beenimplemented as yet.

4 Experiments and Results

Our databaseconsistsof ngerprin t impressions(300 300) obtained from 160
users using the Veridicom sensor. Each user provided 4 di erent impressions
(over 2 time sessions)of ead of 4 dierent ngers - the left index nger, the
left middle nger, the right index nger and the right middle nger. A set of
2,560 (160 4 4) imageswere collected. The 300 300 imageswere resized
to 240 240 (inter-ridge spacingchangedfrom 10 pixels to 8 pixels) in order to

speed-upthe Fourier operations. This databaseis a di cult onefor a ngerprin t

matcher due to the following reasons:(a) There is temporal variance imposed
on the ngerprint impressionsas they were acquired over two dierent time

sessions.(b) The users, though cooperative, were non-habituated users of the
system.(c) Someuserswere obsenedto have dry ngers that resulted in partial

or faint ngerprin t images.Initial experiments on this databaseindicate that the
proposedtechnique provides a very good alignment of ngerprint image pairs.
We comparethe proposedtechnique with a minutiae-basedmatcher by plotting

the Geruine Accept Rate against the False Accept Rate at various thresholds
of the matching score. As expected, the minutiae-based matcher demonstrates
better performancethan the correlation-basedmatcher. However, fusing the two
matchers(by normalizing and adding the matching scores)resultsin animproved
performance of the ngerprin t veri cation system. The ROC curves exhibiting

these behaviors is shown in Figure 6.
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Fig. 6. ROC curvesdepicting matching performance.

5 Summary and Future Work

We have described a novel technique to align and match ngerprin t images.The
proposedtechnique utilizes ridge information to construct a ridge feature map
that is usedfor represering, aligning and matching ngerprin ts. The ridge fea-
ture map obviates the needto use minutiae or core information to align image
pairs. It also provides a compact xed-length represeration for a ngerprin t
image. It must be mentioned here that the performance of the proposedtech-
nique is inferior to that of a minutiae-based ngerprin t matcher. However, when
used alongsidea minutiae matcher, an improvemert in matching performance
is obsened. Thus, the ridge feature map complemerns information provided by
the minutiae-basedmatcher. Currently we are investigating di erent metrics for
comparing feature maps; we are also looking into ways of developing e ectiv e
weighting techniquesfor the correlation matrix.
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