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ABSTRACT perform primarily between-minutiae comparisons using at-

. . , . tributes including type (ridge ending / bifurcation), location
There are fundamental differences in the way fingerprints arg and y-coordinates) and angle (between the tangent to the

compared by forensic examiners and current automatic sy idge line at the minutiae position and the horizontal axis),

tems. For example, while automatic systems focus maml}és defined in [5]. As a result, automatic systems often can-

on the quantitative measures of fingerprint minutiae (”dgenot match the performance of forensic examiners, especially

ending anq blfur_cat!on. po_mts), forensic examiners often aNhen prints are small and contain insufficient number of minu-
alyze details of intrinsic ridge characteristics and relatlonariv

information. This process, known as qualitative friction ridge ae, as seen mostly in latents. In fact, there is a general agree-
: . b L q 9 ment that current automatic systems perform very well on ten-
analysis [1], includes examination of ridge shape, pores, dot

R : . . rint matching [3], whereas partial or latent print matching
T e e e el remains a maor challene.
y P gp gerp ' Federal Bureau of Investigation (FBI) is conducting a study

mostly seen in latents. The forensics and Automatic Finger: . o2 ) )
print Identification Systems (AFIS) communities have bee or Next Generation Identification Technologies (NGI), which

active in standardizing the definition of extended feature sef'ms. to upgrade the current IAFIS systems fof higher identi-
as well as quantifying the relevance and reliability of theseicatlon accuracy and efficiency, especially to improve latent

features for automatic matching systems. CDEFFS (Comr_natching capability. At the same time, CDEFFS (Committee

mittee to Define an Extended Feature Set) has proposedt Define an Extended Feature Set) has released a working

working draft on possible definitions and representations o raft standard for extended featu_r es that_ can be potentlally
encoded and used by both forensic examiners and automatic

extended features [2]. However, benefits of utilizing these ; 2 A th d Level 3 (mi feat
extended features in automatic systems are not yet knowfy > ems [2]. Among the proposed Level 3 (minor) features,

While fingerprint matching technology is quite mature forp'ore.s have been most extensively evaluated for automatic ex-
matching tenprints [3], matching partial fingerprints, espe—tr""ctIon and matching [6, 7, 8, 9]. However, these features

cially latents, still needs a lot of improvement. We proposeoften require high resolution and good quality fingerprints. In

an algorithm to extract two major Level 3 feature types, dc)tgact, a recent survey [10] of latent pr_actiti_oners revealed that
and incipients, based on local phase symmetry and demoﬂpts’ scars, wqrts have the ”."'OSt e\{|dent|al value and are re-
strate their effectiveness in partial print matching. Since dotBrOdUC'ble’ while plores and ndgg width are not]; g\s a rezu.lt,
and incipients can be easily encoded by forensic examiner ie.propose to eva uatg autpmat|c e>§tract|on of dots and in-
we believe the results of this research will have benefits t§ pients for 500ppi partial print matching.

Next Generation Identification (NGI) systems.

2. DOTS AND INCIPIENTS
1. INTRODUCTION

Human fingers are known to display friction ridge skin (FRS)
Characteristic fingerprint ridge detail is generally categorizedhat consists of a series of ridges and furrows, generally re-
into three levels [1], namely Level 1 (ridge flow), Level 2 ferred to as fingerprints. It has been suggested that friction
(minutiae), and Level 3 (e.g., dots, incipients, ridge width andidges are composed of small “ridge units”, and the number
shape, pores, breaks, creases, scars). It has been establisbeddge units and their locations are randomly established.
that one of the strategies and visual skills that forensic exanmAs a result, the shape, size, alignment of ridge units and their
iners develop during training is the focus on within-minutiaefusion with an adjacent ridge unit are unique for each person
discrimination (Level 3) rather than between-minutiae com{see figure 1). Occasionally, a ridge unit may stay isolated
parison (Level 2) [4]. On the other hand, automatic systemghat looks like adot between normal ridges (see red arrows
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in figure1(b)). In addition, thin and often fragmented ridges
may also appear between normal ridges, knowimeipients
(see blue arrows in figure 1(b)).
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presence or absence of other features [4]. As a result, our ex-
traction algorithm for dots and incipients is designed based
on ridge information and local orientation fields. Figure 3
() demonstrates the overall extraction process.

The key component of our extraction algorithm is to esti-

Fig. 1. Dot and incipients in (a) a friction skin image and (b) aMmate the local phase symmetry for ridge pixels. Because dots
corresponding fingerprint impression. The appearance of irgnd incipients are isolated (short or thin ridge formations be-

cipients can be significantly affected when pressure increas€¥€en normal ridges), they present slightly higher local sym-
in the four impressions in (c) [11]. metry than normal ridges. As a result, we employ wavelets

based on complex valued Log Gabor functions to measure the
local phase symmetry [12], as described below.

Unlike dots, which are normal ridge units, incipients are L&t I denote a fingerprint image, and; and A;; de-
normal forming units that remained “immature” at the time of N0t the even-symmetric (cosine) and odd-symmesitoe(
differentiation when primary ridge formation stopped. An in-Wavelets at scale. We can obtain the symmetry/asymmetry
cipientis often much thinner than a dot, yet its appearance cdfSPONses by convolvingat pixel (x,y) with each quadrature
be significantly affected by pressure, as show in figure 1(cjP@ir of filters, given by
This oftgn _m_akes it diffi(_:ult for maf:hines to dist_inguish a_dot len(2,y), on(z,y)] = [I(z,y) * M, I(z,y) « M°]. (1)
and an incipient. For this reason, in our extraction algorithm,
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we do not distinguish the two feature types. The amplitude of the transform at scalés defined as
It has been reported that incipients are observed in about

A = 2 2 2
45% of the people and 13.5% of the fingers [11]. Dots and n(@,y) = V(e (@.y) + o (e,)) )
incipients have been found to be particularly distinctive withand the phase is defined as
high density in small areas, which can be very helpful for B 9 9
partial (latent) print identification, as shown in figure 2. n(2,y) = arctan(e, (,y), 0, (2, y))- ©)

At a point of symmetry, we would expect the absolute
3. FEATURE EXTRACTION value of the even-symmetric filter outputs to be large and the

absolute value of the odd-symmetric filter outputs to be small.
Generally, features at all three levels in a fingerprint are mutuFilters with multiple scales are applied and a weighted av-
ally correlated. For example, minutiae points can be extracte@rage of the filter responses over multiple scales is formed.
from the skeletonized ridge map; ridge path deviations correlhe symmetry value is defined as the normalized difference
late with the surrounding ridge formations; dots and incipi-Of the absolute value between outputs from even-symmetric
ents only occur between normal friction ridges; pore distri-and odd-symmetric filters, given by

bution naturally follows the ridge structure and appears onlysym(L y) = >on [An(@,y)[lcos(dn (@,y))|=|sin(¢n (z,y))]]] @)
on ridges, not valleys [1, 6]. In fact, it is known that foren- 7’4”(”’) .
sic examiners view fingerprints with a context-related effect = Znlllenley) Zlontzy)ll] (5)

n An(z,y)
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(d) Extracted Dots

(a) Partial print

(b) Valley Skeleton  (c) Local Phase Symmetry

Fig. 3. The extraction procedure for dots and incipients.

Once local symmetry is estimated, it is multiplied with theused in our experiment for performance evaluation [15]. This
skeletonized valley image. This is because dots and incipiemtatabase includes 72 tenprint cards from 36 users, 10 fingers
ridges only occur in valleys between normal friction ridges.per user and 2 impressions per finger, scanned at both 500ppi
Instead of the traditional one-pixel wide binary skeletoniza-and 1000ppi.

tion, we obtain the continuous skeletonization based on Level

Sets, proposed in [13]. Empirically determined thresholding

is finally applied to the resulting image and centroids of con- 100

nected components are recorded as positions of dots and in- Lovel 243
cipients. Orientations of dots are also estimated based on lo- o0
cal orientation fields. Figure 3(e) shows the locations of ex- |

80

tracted dots and incipients (in red).

4. MATCHING ol

Genuine Accept Rate (%)

A commercial minutiae-based matcher Neurotechnologija Ver-
iFinger 4.2 [14] is used to obtain the alignment between the
partial print and the full print, and a match scefg based on 40 — —
minutiae features is also computed. Then, minutiae templates 10 églse Accept Ratel&) 10
of both sample and test images are modified by importing the

centroids of the extracted dots and incipients together wit
attributes including position, direction and type (“ending”).

The modified templates are once again sent to the match ﬁes) and Level 2 features in combination with Level 3 fea-

gnd a new match scor; b_ased on the orlgma_l a"gf.‘me”t tures (red lines). The partial prints are manually generated.
is computed. Note dots will be used to establish alignment

when minutiae is not available in the partial prints. To obtain
the best performance, we fuse the two scores using the sum- To simulate th tial-to-full matchi duct t
rule. Because the two scores are generated from the same 0 simulate the partial-to-full matching, we conduct two
matcher and highly correlated, there is no need for score no?_x_perlments. In th(_a f|rst.expler|ment, we mangally crop partial
malization. prints 00 x 300 pixels in size) from the first impression of
each finger (242 images) and match them against the full print
(~ 1500 x 1500 pixels in size) of the second impression of all
5. EXPERIMENTAL RESULTS fingers (360 images) at 1000 ppi. This results in a total num-
ber of 242 genuine matches and 86,878 impostor matches.
The goal of this study is to investigate how extended feaFigure 4 demonstrates the feature extraction and matching of
tures can be utilized in automatic systems for improving la-a genuine partial-full pair. The square region marked by the
tent search capability and accuracy. To our knowledge, ther@ashed line in figure 4(b) is found in correspondence with the
is no public domain database that contains latents with expartial print in figure 4(a). Note the dots and incipients ex-
tended features encoded by forensic examiners. As a resultacted using the proposed method are shown in blue, whereas
the NIST special database 30 (dual resolution tenprints) iminutiae extracted using the Neurotechnologija matcher are

50

}fﬂig. 5. Comparison of the partial-to-full tenprint matching
erformance (ROC curves) using Level 2 features only (blue
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(b)

Fig. 4. Dots / incipients (blue) and minutiae points (red and green) are extracted and shown in (a) a partial fingerprint and (b)
full print that contains the corresponding region in dashed line. The match score has been increased $tQin@B888(S,)
after dots are encoded in the template.

shown in red (bifurcation) and green (ending). As we can se@eneration. This results in a total number of 3,600 genuine
the number of feature points in the partial fingerprint in figurematches and 258,480 impostor matches. Because the crop-
4(a) and the corresponding region in figure 4(b) increase frorping is completely random, the partial prints can be from any
3to 20 and 7 to 24, respectively, after dots are encoded in thgart of the full fingerprint. As a result, these partial prints
templates. Figure 5 shows the matching results with and withdiffer significantly in quality, and the number of minutia and
out using the dots and incipients. Significantly higher matcheots / incipients contained. In fact, onfs% of the partial
ing accuracy is achieved after dots and incipients are utilizegrints have dots / incipients extracted. Figures 6 and 7 show
the distribution of the number of minutiae and dots / incipi-
However, in the first experiment, the manual cropping eneNts, respectively, extracted from the 3,600 partial prints. The
sures that the partial fingerprints are of reasonable quality arf#@; Min and median number of minutiae (dots / incipients)
contain significant number of dots / incipients (14.7 in aver-aré 26 (40), 0 (0) and 8 (2). Note that in order to demon-
age). This is usually not the case in practice. As the resulftrate the adve_mtage of dots a_nd |n0|p|_ents over othgr Level
we conduct the second experiment by randomly cropping 18 features, which usually require high image resolution, we
partial prints from the first impression to generate a total 0perforr.n dot / incipient extraction in the second experiment at
3600 partial images and matched them against the second f@POPPI-
impression (360 images). For computational efficiency, 20% In order to better analyze the results from the second ex-
of partial prints (two each finger) are used for impostor scorg@eriment, we first divide the 3,600 partial prints into three
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Table 1. Equal Error Rates (EER) of (a) Level 2 and (b) Level 2+3 matching for partial prints with various number of minutiae
and dots / incipients. Note the number of minutiae and dots/incipients are carefully selected so that data can be as evel
distributed into 9 different groups as possible.

Partial prints with

< 4 Minutia

5-8 Minutia

> 9 Minutia

All

< 2 Dots/Incipients

3-6 Dots/Incipients

> 7 Dots/Incipients
All

(2)0.318(b) 0.280
() 0.374(b) 0.289
(a)0.337(b) 0.114
() 0.342(b) 0.294

(2)0.173(b) 0.163
(a)0.198(b) 0.181
() 0.184(b) 0.124
(a)0.184(b) 0.168

(2)0.132(b) 0.123
() 0.156(b) 0.141
(a)0.223(b) 0.154
(a)0.145(b) 0.141

(2)0.201(b) 0.201
(2)0.238(b) 0.214
(a)0.231(b) 0.167
(a)0.222(b) 0.195

groupsbasedon the number of minutiae contained, namelyminutiae, can improve the matching performance, especially
(i) <4 minutiae, (ii) between 5-8 minutiae and (ii)9 minu-  when the number of minutiae is small or the number of dots/
tiae. Then for each group, we generate a pair of ROC curvescipients is large. Since dots and incipients can be easily en-
by matching the partial prints with all the full prints using a) coded by forensic examiners, we believe the results of this
minutiae only and b) minutiae in combination with dots andresearch will have benefits in Next Generation Identification
incipients, as shown in figure 8. As we can see, the largesieeds (NGI) systems.

performance gain of using dots and incipients is achieved when This study is our first step to evaluate the benefits of ex-
the partial prints have small number &) of minutiae. This tended feature set for partial print matching. We are in the
improvement becomes less significant as the number of mingrocess of obtaining latent database with extended features
tiae in the partial prints increases. This is consistent with thenarked by forensic examiners, so that we can better evaluate
generally agreed notion that Level 3 features help improveur approach. We also plan to integrate our previous work on
the matching performance, particularly when the number opores and ridge contours with this work. We believe further
minutiae is small. research on extended features will not only improve the effec-

Further, we divide each group of partial prints into anothettiveness of latent encoding and identification, but also provide
three groups with regards to the number of dots / incipientinsight into the fundamental issues of fingerprint permanence
extracted. This results in a total of 9 partial print groups andand individuality.
again, each group is matched against all full prints and the
EERs for each group using (a) minutiae only and (b) minu-
tiae in combination with dots / incipients are shown in TableACKnowledgment
1. The table shows that matching using dots / incipients in
combination with minutiae improves the performance in al-This research is supported by the NSF Center for Identifica-
most all scenarios, especially when the number of dots / intion Technology and Research (CITeR), Sagem Morpho and
cipients is large ¥ 7). Note the ROC curves shown in figure NIJ Graduate Research Fellowship.

8 correspond to the matching results shown in the last row in
Table 1.

Both of our experiments show that dots / incipients pro-
vide discriminative information and when combined with minu{1] D. R. Ashbaugh, Quantitative-Qualitative Friction
tiae, can help improve the system performance. However, this  Ridge Analysis: An Introduction to Basic and Advanced
improvement is subject to image quality and the number of Ridgeology, CRC Press, 1999.

Level 2 and Level 3 features available.
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