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Abstract

Fingerprint minutiae are the most important features
used by latent fingerprint examiners, as well as in [
automated fingerprint recognition systems. Hence, under- |3
standing the statistical distribution of minutiae is esian
in many fingerprint recognition related problems, such as
fingerprint individuality and fingerprint synthesis. Prior 2
work considers the occurrence of a minutia as a random
event, and mostly assumes that individual minutiae are
. . : @ (b)
independent of each other. Some studies also considered _ _— .

. A - . Figure 1. Correlation between minutiae occurrence anditiger
the clustering tendency of minutiae and the minutiae neigh-_* o . . L L
. . orientation field. (a) a whorl fingerprint and its ridge oftiegion
borhood structures. Yet, it remains unclear whether the

. . ) . . L field. (b) minutiae in (a) overlaid on the local ridge oridita
ridge orientation field has an impact on the minutiae occur- geyiation map. The local ridge orientation deviation (reteEq.

rence. This paper investigates the correlation betweegerid (1)) indicates the variation or smoothness of the ridgenteion
orientation field and minutiae. Assuming that minutiae field in a local region. The greater the deviation of the lowge

are distributed conditionally on the variation in local orientation, the lower will be its smoothness.

ridge orientation, a new generative model is proposed for

fingerprint minutiae. To evaluate the proposed model,

we train the model using fingerprint images in the NIST o

SD14 database, and simulate the minutiae in the finger-nOt only d|scrlm|nat|ve but also yery stabl_e [101'_

prints in the NIST SD4 database with the trained model. Understanding the characteristics of fingerprint features

The experimental results show that by exploiting both the |S @ fundamental issue in the design, development, and
local ridge orientation variation and the neighborhood deployment of fingerprint-based personal identification
minutiae structure, the proposed model can better simulate!€chniques. Itis also very useful for many other problems

the minutiae extracted from fingerprints than other models "€/ated to fingerprint recognition, such as assessment of
available in the literature. fingerprint individuality [11], evaluation of fingerprint

recognition systems [5, 22], fingerprint feature extractio

[20], indexing and matching [19], and so forth. Accurate
fingerprint feature models thus are highly needed in
addressing these problems.

Fingerprints are widely used for personal identification ~ During the past two decades, a number of models have
based on their distinctive features. These features can bdeen proposed for various fingerprint features, including
roughly divided into three levels. Level-1 features refert singular points [6], ridge orientation field [23, 20, 19, 22]
the global characteristics of fingerprints, such as fingetpr minutiae [11, 24, 7], and pores [13]. In this paper, our
class, singular points, and ridge orientation field. Level- focus is on the statistical models for minutiae, particu-
2 features are defined as individual ridge events, such adarly, ridge endings and bifurcations. While a number of
minutiae; two major types of minutiae are ridge endings minutiae models have been published in the literature, they
and bifurcations. Level-3 features are fine details in rijge  do not consider the possible correlation between minutiae
such as pores and ridge contours. Among these featuresand ridge orientation field (see Fig. 1). Our goal in this
minutiae are routinely utilized by fingerprint examinerslan paper is twofold: (i) to investigate the correlation betwee
automated fingerprint recognition systems because they areninutiae and ridge orientation field, and (ii) to incorperat
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Figure 2. Estimation of fingerprint ridge orientation fielth) a fingerprint image and its delta and core points. (b) ahdnitial and
regularized ridge orientation fields of image in (a), respety.

L

such correlation into the generative model of minutiae so a mixture of Gaussians is learned for each finger, which
that the model can better synthesize minutiae extracted fro makes it tedious and computationally expensive. Chen et
fingerprints. al. [7] further improved the model of [24] by deriving a
The rest of this paper is organized as follows. In Section mixture of Gaussians for the fingerprints in each of the five
2, we review some typical minutiae models proposed in major fingerprint classes (i.e., arch, tented arch, lefpJoo
the literature. In Section 3, we study the correlation right loop and whorl).
between minutiae occurrence and the ridge orientation field Neighborhood minutiae structures were investigated by
using fingerprints in the NIST SD14 database. Section 4Hsu and Martin [9]. Given a central minutia, a reference
introduces the proposed generative model for fingerprintlocal polar coordinate system is established, whose origin
minutiae, followed by the experimental results in Section is at the central minutia and whose polar axis points

5. Finally, Section 6 concludes the paper. along the direction of the central minutia. The neigh-
borhood minutiae are represented by their positions with
2. Background respect to the reference coordinate system, and the differ-

ences between their directions and the direction of the
central minutia. With this representation of neighborhood
minutiae, the distributions of thé-nearest minutiae are
summarized as histograms or probability maps.

Constructing statistical models of fingerprint minutiae
has been a topic of significant interest in fingerprint restear
community. Some of the early studies on minutiae models

focused on the problem of fingerprint individuality [15]. These available minutiae models either assume indepen-

The models were used to compute the probability of raLndomdence between individual minutiae or consider only the

correspondence between fingerprints. However, these . . . . oo
: .. relationship among neighboring minutiae. However, they
models could not serve as generative models for minutiae

Over the past ten years, several generative minutiae modelgio not consider the possible correlation between minutiae

have been proposed. Pankanti et al. [11] devised a minutiaeand other fingerprint features. Consequently, it remains

. . . ._unclear whether the occurrence of minutiae (as level-2
model which assumes that (i) the occurrence of a minutia . N
. S N . features) are affected by level-1 features, in particuildge
is a random event, (ii) individual minutiae are independent

S ) : orientation field (see Fig. 1). In the next section, we
of each other, and (iii) the minutiae in a fingerprint are .~ . . o .
uniformly distributed. Zhu et al. [24] showed that minutiae will investigate the correlation between minutiae and eidg
instead of being uniformly distributed, tend to cluster in orientation field.

the regions where ridge orientation changes abruptly,(e.g. L . . .
around delta and core points). Based on this observation3- Statistical Analysis of Minutiae Occurrence

they proposed to first partition the minutiae into several 3.1. Database and Feature Extraction
clusters and then model the minutiae distributions in each

cluster by using a mixture of Gaussians. The drawback To analyze the minutiae occurrence, we chose a subset
of this model is that it is finger-specific; in other words, of the first session fingerprint images in the NIST SD14



—— we compute its deviationly, in the local region by
e ?;le?:\%i?:?r:erpnms
Left Loop Fingerprints 1

e i e - dy = o Z sin |0(z,y) — 0, Q)
5 | l| (z,y)EY

where || is the area of the local region, arfdis the
average ridge orientation if2;. In this paper, the local
ridge orientation deviation at a block is computed based on

Probability of Minutiae Occurrence

L L
0.5 0.6

L
0 0.1

*Loca ridgeOrentation Devaton its 9 x 9 neighboring blocks. The local ridge orientation
deviation ranges from 0 to 1 with higher values denoting
Figure 3. Occurrence probability map of individual minetiaith larger variations (or lower smoothness). See Fig. 1.

respect to the local ridge orientation deviation computethfthe

. o The ridge orientation in the neighborhood of a minutia
fingerprints in NIST SD14 [1].

is characterized by the local ridge orientation deviatibn a
the location of the minutia and the average deviation in the
neighborhood, i.e.(d$, dy). In this paper, we consider a
database [1] whose NFIQ [17] values are between 1 and 3circular neighborhood centered at the minutia whose radius
(NFIQ =1 means the best quality fingerprintand NFIQ =5 is 64 pixels.
the worst quality fingerprint) as the training databasesThi To study the distribution of minutiae neighboring to a
procedure resulted in a training set consisting of 866 archcentral minutia, we represent the neighboring minutia in a
fingerprints, 302 tented arch fingerprints, 1,992 left loop local polar coordinate system as in [9] by its distance to
fingerprints, 2,066 right loop fingerprints, and 1,434 whorl the central minutia and the angle between the polar axis and
fingerprints. The foreground fingerprint region, the finger- the line connecting the neighboring minutiae and the céntra
print type or class, and the cores and deltas in these imagesinutia, i.e.,(p, ¢).
were manually marked by us. The minutiae were extracted |t is worth mentioning that ideally, real minutiae and
by using a commercial off the shelf (COTS) fingerprint ridge orientation field in fingerprints should be used in
matcher, VeriFinger SDK 6.5 [2}; minutiae outside the  analyzing and modeling the minutiae occurrence. In
foreground regions were discarded. The ridge orientationforensics, minutiae in latent fingerprints are manually
field was initially estimated by using the gradient based marked by latent examiners. However, different examiners
method in [8], and then regularized by using the method may not always mark the same minutiae in a fingerprint
described below. [18]. Moreover, it is expensive, tedious, and error-prone
Let the initial ridge orientation field be denoted @s to manually mark minutiae and ridge orientation field in a

Asin [21], © is divided into singular®,, and continuous large number of rolled or slap fingerprints. On the other
(or residual),®,, components:® = O, + ©,. These hand, state of the art automated matchers, based on NIST’s

two components are regularized separately. The singula€valuations [4], perform almost as well as human experts
component is determined by the singular points (if any) I matching good quality fingerprints. This suggests that
according to the Zero-Pole model [14], while the residual features extracted by the automated matchers are robust and
componentis regularized by using the 2D Fourier expansionr€liable for good quality rolled fingerprints. In this paper
based model (FOMFE) [20]. If there are no singular points, W€ thus choose good quality fingerprints, and automatically
the initial ridge orientation field is directly approximaite extract ridge orientation field and minutiae in these finger-
by using the FOMFE model. The regularized ridge orien- prints to train the minutiae models. Note that the following
tation field is able to remove most of the noise in the finger- @nalysis and the proposed model are also applicable if

print (see Fig. 2). Note that the ridge orientation field is features from other sources are available (e.g., manually
computed block-wise and the block sizeis: 8 pixels2. marked features, or features extracted by other automated

) ) ) o methods).
To characterize the ridge orientation in a local redipn

3.2. Occurrence Probability of Individual Minutiae

TV . We study the minutiae occurrence for each of the five
Mention of any product or company does not imply endorsement . . . .
or recommendation of this product or company by the auth®ichuan major fmgerp”m classes separately by constructing the
University, Michigan State University, or the National finste of histograms of minutiae with respect to the local ridge
Standards and Technology. deviation. To this end, we discretize the local ridge orien-
“Note that the fingerprint images used in this paper are at $00 p o401 deviation into 201 uniform bins between 0 and 1 with
(pixels per inch) resolution. If fingerprint images at diéfat resolutions .
are used, the block size as well as the neighborhood sizédsheuuned an interval of 0.005, and set up two accumulators for each

accordingly. fingerprint class. Both accumulators consist of the 201 bins
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Figure 4. Occurrence probability maps of the nearest neighp minutiae in fingerprints of type (a) arch, (b) tentedhar(c) left loop,
(d) right loop, and (e) whorl computed from the fingerprimdNIST SD14 [1]. Each block corresponds to a type of neighbodhregion
defined by(dg, dg). The histogram in each block gives the occurrence protylaifithe nearest neighboring minutiae (in terms of their
positions in the local polar coordinate system) in the apoading type of neighborhood region. (f) distributiontué nearest neighboring

minutiae in the neighborhoo@l§ = 0.1, dy = 0.1) for arch, tented arch, left loop, right loop, and whorl finggémts (from top to bottom).

of local ridge orientation deviation. The first accumulator discretize both of these attributes into 11 bins, i.e., from
counts the local blocks according to the local ridge orien- 0 to 1 with an interval of0.1. As a result, there are 121
tation deviation in the blocks, and the second accumulator(11 x 11) different types of neighborhood regions. For
counts the minutiae according to the local ridge orientatio each region, we construct a histogram of the nearest neigh-
deviation at the locations of the minutiae. The occurrence boring minutiae in terms of their positions in the local pola
probability map of individual minutiae with respect to the coordinate system. Specifically, we divide the radips (
local ridge orientation deviation is obtained by taking the into 9 uniform bins (i.e., from 0 to 64 with an interval
bin-to-bin quotient between the second and first accumu-of 8 pixels, where 64 is the neighborhood radigsynd
lators. Each bin in the resulting probability map denotes the polar angle ) into 37 uniform bins (i.e., from 0 to
the probability of a minutia appearing in a block which 359 degrees with an interval of 10 degrees). Note that the
has the corresponding local ridge orientation deviation. bin (p,¢) = (0,0) indicates that there is no minutia in
Figure 3 shows the occurrence probability map of individual the neighborhood of the central minutia (in this paper, the
minutiae. We can observe that (i) minutiae appear in the radius of the circular neighborhood is 64 pixels).

blocks of different local ridge orientation deviations hvit Again, the neighboring minutiae distribution is investi-
different probabilities, and (ii) minutiae occurrence Ipae gated for each fingerprint class separately. The histograms
bilities vary between different fingerprint classes. of different types of neighborhood regions are computed
for each fingerprint class based on the available trainibg se
3.3. Distribution of Neighboring Minutiae of fingerprints of that class: given a minutia in a training

_ S fingerprint, (i) the type of its neighborhood is first deter-
In this paper, we assume that the distribution of mined according to the local ridge orientation field, (i§) it
neighboring minutiae also depends on the ridge orien-
SNote that we use an interval of 8 pixels (i.e., the local blside). In

tation field in the nel_ghborhopd. To ,analy,ze thls dgpen- this way, we reduce the number of parameters to be estimatié@t the
dency, we characterize the ridge orientation field in the cogt of lower resolution. This is a compromise between higiugacy and

minutiae neighborhood by using two attributes, dy), and the limited number of available training samples.




nearest minutia is then located and represented in the forntlasses), the corresponding image area is initialized with
of (p, ¢), and finally, (iii) it is assigned to the corresponding an empty set of minutiae, and the local ridge orientation
nearest neighboring minutiae histogram bin of the corre- deviation in each block is computed. Then, the first minutia
sponding type of neighborhood. If no minutiais found inits of the fingerprint is randomly generated accordingo
neighborhood, the bifp, ) = (0,0) is increased by one. and its nearest neighboring minutia is randomly generated
Figure 4 shows the resulting occurrence probability mapsaccording toP},. More minutiae are gradually added by
of the nearest neighboring minutiae for five types of finger- generating the nearest neighboring minutia of the previous
prints (arch, tented arch, left loop, right loop, and whorl) ~ minutia or generating a new individual minutia (if no
neighboring minutia is generated for the previous minutia)
Algorithm 1 Orientation Field based Minutiae Generation  This minutiae sampling process is iterated until the entire
Input: ¢ Fingerprint type;P}, P%: Minutiae occurrence  fingerprint image area has been considered. Algorithm 1
probability maps; ©: Ridge orientation field;{q: summarizes the process of sampling minutiae based on the
Foreground regionk: Neighborhood radius proposed model, and Fig. 5 shows an exarfiple
Output: M: A set of minutiae ]
1: Compute the local ridge orientation deviation according 9. EXperiments
to Eq. (1):de
2: Initialize candidate region for generating minutiae—
QoM < NULL,m < NULL,r < R
3: whileQ2 # NULL do

In this section, we compare the proposed minutiae
model with the uniform model in [11], the pattern specific
Gaussian mixtures based model in [7], and the SFinGe
method [5]. The minutiae generated by these models

g I né;ggjg tr:ier?utia i) according toP!: - and SFinGe are compared with the minutiae in the finger-
’ g tofy-m prints in the NIST SD4 database [3] in terms of spatial
(ma,my) statistics [12]. Specifically, we chose only the fingerprint
6 endif [ i h. first sessio’n and whose NFIQ values are
7 M MU{m}, Q< Q\ {(ma,m,)} Images in the firs A e
0 o between 1 and 3. The empirical statistics are computed
8.  Compute(dy, dy) in Q,, (the neighborhood of2) - iy
' . . A based on the minutiae extracted by VeriFinger SDK 6.5
9:  Generaten,,: the nearest neighboring minutia of ' . e .
. ; . . from these fingerprints (the minutiae outside the manually
according to the corresponding probability map in . . S
pt marked foreground regions are discarded). Minutiae are
it . .
0. ifm, = NULL then also randomly sampled t_)y using the generative models
. . for the same number of fingerprints, based on which the
11 Q + Q\ {Circular region centered at whose - . .
Lo statistics of the generative models are calculated. Thyerid
radius isr} : Do . . X
12 “n orientation field required by the proposed model is the ridge
13: elsg orientation field of the chosen fingerprints in NIST SD4
' extracted by using the method introduced in Section 3. As
14: T |my, —m)|

for SFinGe, images of 1,000 fingerprints including all the
five major types are generated, based on which the minutiae
spatial statistics are computed. Note that since SFin@# its
does not provide the minutiae locations in the synthetic
fingerprints, we apply VeriFinger to extract the minutiae
from the synthetic fingerprintimagés

Figure 6 shows the minutiae generated by the three
4. Proposed Gener ative M odél different models for a given ridge orientation field of a

whorl fingerprint. To quantitatively evaluate the models,

In the previous section, we constructed the occurrencefingerprints are divided into non-overlapping blocks, and
probability maps for individual minutiae and nearest neigh the number of minutiae in each block is counted. The
boring minutiae. Let us denote themBsand P}, respec-  histogram of blocks is computed in terms of the number of
tively. Heret € {A,T,L, R,W} corresponding to arch, minutiae in the blocks. The distance between the histogram

tented aITCh’ left |00p’ ”ght |00p, and whorl flnggrprlnns. | 4The direction of minutiae in the proposed model can be easitgr-
th!s S?Ct'on' \_Ne present the proposed generat_we _mOdel formined according to the ridge orientation field and the maritype. The
minutiae, which randomly samples a set of minutiae from direction of ridge bifurcation is equal to the local ridgdentation at its

a given ridge orientation field based on the minutiae occur- location, while the direction of ridge ending is oppositethe local ridge

rence probability maps. orlentatlpn a_t its Iocatlon._ln this paper, we f(_)cus on t_rm@dlstrlbutlon
. . . . . . . of minutiae, i.e., we consider only the minutiae locations.

Given a block-wise ridge orientation field of a particular  spjaster fingerprint images are used because they are freerfoise.

type of fingerprint (i.e., one of the five major fingerprint See [5] for more details of master fingerprint images geadray SFinGe.

15: M «~ MU {m,}, Q + Q\ {Circular region
centered atn whose radius is}

16:  end if

17: m <— My,

18: end while
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Figure 5. Sampling minutiae by using the proposed generativdel. (a) a given ridge orientation field. (b) the corresiiog local
ridge orientation deviation map. (c)-(e) generation offir&, second, and third minutiae. The black regions derwea¢gions already
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Figure 6. Given aridge orientation field of a whorl fingerprthe minutiae generated by (a) the proposed model, (b) thessan mixtures
based model [7], and (c) the uniform model [11].
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Figure 7. Comparison of the proposed model with the uniforodeh[11], the Gaussian mixtures based model [7], and SFjEzéa) and
(b), respectively, show the histogramsiéf x 16 and32 x 32 non-overlapping local blocks in terms of the number of mieiappearing
in the blocks.

Block Chi-Square Distance rence and ridge orientation field, and explicitly incorpgech
Size Proposed| GM Based| Uniform | SFinGe such correlation into the minutiae distribution modelling
16 x 16 0.0005 0.0014 0.0032 | 0.0028 We proposed a generative model for minutiae. We have
32 x 32 0.0028 0.0043 0.0123 | 0.0131 compared the proposed model with two typical models

previously proposed in the literature; our experimental
Table 1. Chi-square distances between the empirical isto§  results show that the proposed model generates minutiae
g%?;ﬁ}idogytﬁﬁeﬁg?oer:g;ig;srri:)d’:'lsrh esg‘gussr‘ign”;ﬁixrt‘:ﬁ?sgr(%ml\:)whose spatial distribution better resembles the minutiae
based model [7], the uniform modél [11], and SFinGe [5]. distribution extracted- from fl.ngerprlnts.
We are currently improving the proposed model along
three directions. (i) Using a larger training set and evalu-

obtained from the minutiae generated by a model and theating the stability of the model with respect to the training
empirical histogram computed from the minutiae in the data size. The number of training fingerprints used in this
fingerprints in NIST SD4 indicates how well the model Paper is still relatively small, especially for arch andtezh
describes the minutiae distribution extracted from finger- arch fingerprints. (i) Applying the proposed model to
prints. In our experiments, we compare different minutiae other sources of fingerprint data, including both manually
models based on the Chi-square distances between th&arked fingerprint features and the features extracted by
empirical histogram and the histograms computed from the 2dditional automated matchers. Currently, the training an
minutiae generated by these models. testing minutiae are both extracted by one single matcher,
Figure 7 shows the empirical histograms and the VeriFinger. Moreover, the milnutiae extracted in singujari
histograms obtained by different models and SFinGe. Asarea (i-e., the area surrounding cores and deltas) often hav
can be seen, the histograms generated by the propose@W reliability. Researchers have typically avoided udimg
model are more similar to the empirical ones. The singularity area in studying the statistics of minutiaereve
Chi-square distances between these histograms are givelnen the minutiae are manually marked [16]. Therefore,
in Table 1. The proposed model achieves the smallestWe Will also assess the impact of singularity area on the
distances among the three models and SFinGe. Thi§ra|ned minutiae models. (|.||) Using the minutiae Qens_ny
suggests that the proposed model better captures thé" local neighborhood to guide the generation of minutiae.

minutiae distribution extracted from fingerprints. In this paper, we consider only the first nearest minutiae.
Considering more neighboring minutiae, we believe, will

further improve the model fit.

6. Conclusions
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