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ABSTRACT

Fingerprint mosaicing entails the reconciliation of information presented by two or more impressions of a finger
in order to generate composite information. It can be accomplished by blending these impressions into a single
mosaic, or by integrating the feature sets (viz., minutiae information) pertaining to these impressions. In this
work, we use Thin-plate Splines (TPS) to model the relative transformation between two impressions of a finger
thereby accounting for the non-linear distortion present between them. The estimated deformation is used (a)
to register the two images and blend them into a single entity before extracting minutiae from the resulting
mosaic (image mosaicing); and (b) to register the minutiae point sets corresponding to the two images and
integrate them into a single master minutiae set (feature mosaicing). Experiments conducted on the FVC 2002
DB1 database indicate that both mosaicing schemes result in improved matching performance although feature
mosaicing is observed to outperform image mosaicing.

Keywords: Image mosaicing; Feature mosaicing; Sum rule; Thin-plate splines (TPS); Elasticity; Correlation.

1. INTRODUCTION

Compact fingerprint sensors can now be easily integrated into devices such as laptops, cellular phones, PDAs,
etc. The limited platen size of these sensors results in the acquisition of flat/dab prints that contain reduced
information (e.g., fewer minutiae points) compared to rolled fingerprints1, 2 as seen in Figure 1. Thus, multiple
impressions of the same finger may have only a small region of overlap, thereby degrading the matching per-
formance of the fingerprint authentication system. In order to address this problem, information from several
impressions of a finger can be integrated to enhance the information content of the resulting fingerprint template.
This process, known as mosaicing, is expected to improve the matching performance of a fingerprint system.
Mosaicing can be accomplished at two distinct levels: (a) the image level (image mosaicing), where multiple
impressions of a finger are combined together to generate an elaborate fingerprint - minutiae points are then
extracted from the mosaiced fingerprint; and (b) the feature level (feature mosaicing), where the minutiae sets
extracted from multiple impressions are combined to generate a composite feature set (Figure 2(a) and (b)).
Both these schemes rely on a robust registration technique to accurately align a pair of impressions (or minutiae
sets) before integrating them. One of the confounding factors in fingerprint registration is the presence of elastic
deformation in constituent prints. The elastic deformation is a consequence of the elasticity of the skin and the
non-uniform pressure applied by the finger on the platen of the sensor. This leads to a distortion of the ridges
and the accompanying minutiae points. Thus, a simple affine transformation is not sufficient to register two such
fingerprint impressions (or minutiae sets).

The goal of this paper, in the context of mosaicing, is two-fold:

1. To incorporate a registration procedure that compensates for the non-linear distortion present between a
pair of prints.

2. To compare the utility of a composite template generated by image mosaicing with that of feature mosaicing
by examining their matching performance against a target set of prints.
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Figure 1. Examples of (a) Rolled print; (b) and (c) Dab prints; (d) Mosaiced print.

In this work, we employ thin-plate splines (TPS) to describe the relative deformation between two fingerprint
impressions. TPS has been extensively used in the literature to model the relative transformation between two
point sets.3 It has also been recently used in fingerprint matching procedures.4–7 In this paper, we demonstrate
its significance in the mosaicing process. The results of the proposed method are evaluated on the FVC 2002 DB1
database8 where the mosaiced templates are matched against target prints. We also compare the performance of
mosaicing against that of match score level fusion, where the two impressions are independently matched against
a target print and the ensuing scores combined using the simple sum rule (Figure 2(c)).

The remainder of the paper is organized as follows. Section 2 gives a brief overview of related work proposed
in the literature. The three-step image mosaicing algorithm is discussed in Section 3 while feature mosaicing is
presented in Section 4. The matching performance due to image mosaicing, feature mosaicing and match score
level fusion is reported in Section 5. Section 6 concludes this paper.

2. RELATED WORK

2.1. Image mosaicing

Ratha et al.9 evaluate the performance of several blending algorithms for constructing a rolled fingerprint from
a sequence of partial fingerprints. Since the image sequence is obtained by rolling the fingerprint on the sensor,
they assume that successive images are spatially registered and, hence, their work focuses on blending these
images. Jain and Ross1 use the iterative closest point (ICP) algorithm to align the ridges of two images before
stitching them. Zhang et al.10 employ a two-stage process to register the image slices obtained from a sweep-
based fingerprint sensor. In the first stage, the minimum mean absolute error criterion is used to coarsely align
a pair of image slices. In the next stage, a phase correlation scheme is used to refine the registration parameters.
Choi et al.11 propose the use of a novel enrollment scheme to capture a sequence of fingerprint images. Their
scheme requires the finger to roll and slide horizontally on the sensing surface of the device. They use a block
matching algorithm to account for local distortions between successive image pairs. A two-pass mesh-warping
algorithm based on cubic splines is then used to fine align the images before stitching them into a single mosaiced
entity.

2.2. Feature mosaicing

Feature mosaicing has been referred to as feature (template) synthesis or improvement or fusion in the literature.
Yau et al.12 investigate the use of three different transformations, viz., affine, projective and topological, to align
a pair of minutiae sets. They report that the affine transformation performs better amongst the three based on
experiments conducted to determine the degree of overlap between corresponding minutiae points as assessed
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Figure 2. Information fusion in fingerprints: (a) Image mosaicing; (b) Feature mosaicing; (c) Match score level fusion.

by the sum of squared error (SSE). Ryu et al.13 apply a successive Bayesian estimation scheme to update the
minutiae template of a finger (to generate a “super” template) based on input from several minutiae sets. A
credibility factor is assigned to each minutia point during the update process. Moon et al.14 use a modified version
of the ICP algorithm to search for the optimal registration parameters before fusing two minutiae templates.
They also compare the performance of feature mosaicing against image mosaicing. Their experimental results
suggest that the efficacy of the two schemes is related to the size of the component images. In particular, they
note that as image size decreases, image mosaicing outperforms feature mosaicing. They attribute this result to
the reduction in spurious minutiae points (in the mosaiced image) when only small portions of the fingerprint
have to be merged. Jiang and Ser15 propose an online fingerprint template improvement algorithm that permits
the minutiae template of a finger to change gradually over time as new minutiae sets of a finger are made
available. All the aforementioned feature integration schemes are minutiae-based.

2.3. Mosaicing in other biometric domains

Mosaicing has also been used in the face recognition domain to consolidate the frontal and side profiles of a
subject. Yang et al.16 create panoramic face mosaics by utilizing an image acquisition system consisting of five
cameras that simultaneously obtain multiple views of a subject’s face. In order to determine the corresponding
points in these various views, the authors place ten colored markers on the face. Based on these control points,
their algorithm uses a series of fast linear transformations on component images to generate a face mosaic.
Finally, a local smoothing process is carried out to smooth the mosaiced image. Liu and Chen17 propose an
algorithm in which the human head is approximated with a 3D ellipsoidal model. The face, at a certain pose, is
viewed as a 2D projection of this 3D ellipsoid. All 2D face images of a subject are projected onto this ellipsoid
via geometrical mapping to form a texture map which is denoted by an array of local patches. Matching is
accomplished by adopting a probabilistic model to compute the distance of patches from a target face image.
Singh et al.18 propose a scheme that utilizes the terrain transform to align the side profile images of a subject’s
face with the corresponding frontal image. Multiresolution splining is then used to blend the side profiles with
the frontal image thereby generating a composite face image of the user. Mosaicing obviates the need to
store multiple templates corresponding to a single identity. It attempts to consolidate the evidence presented by
multiple samples of the same biometric. Note that mosaicing does not necessarily model the intra-class variations
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Figure 3. Registration between input impression 1 and 2 using TPS: (a) Impression 1 (I1); (b) Impression 2 (I2); (c)
Coarse aligned impression 2 (I ′

2); (d) Deformed impression 2 using TPS (I ′′
2 ); (e) Mosaiced image.

(a) (b) (c)

Figure 4. Image mosaicing: (a) Impression 1 (I1); (b) Impression 2 (I2); (c) Mosaiced image.
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of a user’s biometric. It merely generates composite information by utilizing multiple biometric samples. Both
image and feature mosaicing have their pros and cons.

1. Image mosaicing is more complex than feature mosaicing since the former necessitates the development of
a seamless integration mechanism that blends the component images without introducing serious artifacts.
Introduction of image artifacts can result in the extraction of spurious minutiae points.

2. Although the image is a rich source of information, it can be contaminated by noise during the image
acquisition process. Registering and blending noisy images can lead to inaccuracies in the mosaiced result.

3. Image mosaicing typically requires the component images to be presented during a single session within
a short interval of time. Images acquired over multiple sessions may not be amenable to blending due to
significant differences in ridge thickness, pixel intensities, etc.

4. Feature mosaicing may preempt the possibility of extracting a different set of features from the composite
template. For example, if minutiae information of two impressions are augmented, then textural features
(e.g., FingerCode19) cannot be obtained from the composite template. Image mosaicing, on the other hand,
does not preclude the possibility of extracting a diverse feature set from the resulting composite image.

Most existing fingerprint mosaicing techniques do not model the non-linear deformations present in finger-
prints during mosaicing. Non-linear deformation in fingerprint images arises from the elasticity of the skin as well
as the pressure and movement of the finger during image acquisition.4, 5 In this paper, we propose a mosaicing
algorithm which accounts for the non-linear deformation present in the constituent fingerprints before stitching
them. A 2D thin-plate spline (TPS) model, based on minutiae correspondences between a pair of fingerprint
images, is used as an interpolant function to pre-distort one fingerprint (or minutiae set) based on its relative
deformation with respect to the other fingerprint (or minutiae set). This aids in the better alignment of the two
fingerprints and, consequently, better integration.

(a) (b) (c)

Figure 5. Feature mosaicing: (a) Template 1 (T1); (b) Template 2 (T ′′
2 ); (c) Registering T ′′

2 with T1 using a bounding
circle of 10 pixels; (d) Fused template.
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3. IMAGE MOSAICING USING THIN PLATE SPLINES

Let I1 and I2 be the enhanced versions of two grayscale fingerprint impressions of a finger, and let T1 =
{m1,1,m1,2, . . . m1,p} and T2 = {m2,1,m2,2, . . . m2,q} be their corresponding minutiae sets with each minutia
point, mi,j , being characterized by its spatial location, (xi,j , yi,j), and local orientation, θi,j . Note that the
cardinality of T1 and T2 are p and q, respectively. The image mosaicing algorithm consists of the following three
stages.

1. Coarse Alignment: A coarse alignment is first established between I1 and I2 by using the minutiae
points in T1 and T2. An arbitrarily selected reference minutia pair, m1,a and m2,b (i.e., one minutia from each
set) is first used to estimate the translational (dx, dy) and rotational (dθ) parameters where dx, dy and dθ are the
differences between the corresponding parameters. Each minutia in T2 is first rotated by dθ about the reference
minutia (m2,b) and translated by (dx, dy) resulting in a minutiae template T ′

2 = {(x′
2,j , y

′
2,j , θ

′
2,j)}j=1,2,...q where

[
x′

2,j

y′
2,j

]
=

[
cos(dθ) −sin(dθ)
sin(dθ) cos(dθ)

] [
x2,j − x2,a

y2,j − y2,b

]
+

[
dx + x2,a

dy + y2,b

]

and θ′2,j = θ2,j + dθ. A minutia m1,i in T1 is said to match with a minutia m′
2,j in T ′

2 if

√
(x′

2,j − x1,i)2 + (y′
2,j − y1,i)2 ≤ r0

min(|(θ′2,j − θ1,i)|, 360 − |(θ′2,j − θ1,i)|) ≤ θ0

where r0 and θ0 are the distance and angular thresholds respectively. Thus, for each reference pair m1,i and
m′

2,j , i = 1, 2, ...p, j = 1, 2, ...q, the number of matched minutiae is counted. The transformation, (dx∗, dy∗, dθ∗),
resulting in the maximum number of matched minutiae is reported. The image I2 is then subjected to this rigid
transformation resulting in I ′2 (Figure 3).
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Figure 6. Algorithm for feature mosaicing.

2. Fine Alignment using TPS: The coarse alignment is not sufficient for registering two fingerprints due
to the inherent elastic deformations introduced by the acquisition process. TPS, a 2D spatial generalization of
the cubic spline,3 is an effective tool for estimating the deformation in fingerprints based on landmark points.
Using the coarse matching technique discussed above, we find the reference minutiae pair m∗

1,i and m∗
2,j which

yields the maximum number (say, m) of matched minutiae. Out of these m minutiae pairs, the n best matching
minutiae pairs, M1 = {(x1,i, y1,i)|i = 1, 2, . . . n} and M2 = {(x′

2,i, y
′
2,i)|i = 1, 2, . . . n}, are then selected as

landmark points (n < m). The deformation itself is modeled as a non-linear mapping function, f : R2 → R2,

f(x, y) = (a1x, a1y)T + (a2x, a2y)T x + (a3x, a3y)T y +
n∑

i=1

wiU(
∣∣(x′

2,i, y
′
2,i − (x, y)

∣∣),
where (x,y) is the coordinate of each pixel in I ′2,
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Figure 7. Inaccurate deformation due to incorrect correspondences: (a) Impression 1 (I1); (b) Impression 2 (I2); (c)
Non-linear deformation between impressions 1 and 2; (d) The incorrectly mosaiced image.

A =
[

a1x a2x a3x

a1y a2y a3y

]
2×3

is the affine part of the mapping,

W =
[

w1x w2x ... wnx

w1y w2y ... wny

]
2×n

is the non-linear part of the mapping, U(r) = r2log(r2), and |.| is the L2 norm. The deformation is constrained
by the bending energy, Ef =

∫ ∫
(f2

xx + 2f2
xy + f2

yy)dxdy, that ensures a smooth interpolation between landmark
points. Under this constraint, the following equation holds: L(W |A)T = Y T , where

L =
[

K P
PT O

]
(n+3)×(n+3)

, Y =
[

x1,1 x1,2 ... x1,n 0 0 0
y1,1 y1,2 ... y1,n 0 0 0

]
2×(n+3)

,

K =




0 U(r12) ... U(r1n)
U(r21) 0 ... U(r2n)

... ... ... ...
U(rn1) U(rn2) ... 0




n×n

, P =




1 x′
2,1 y′

2,1

1 x′
2,2 y′

2,2

... ... ...
1 x′

2,n y′
2,n




n×3

,

and O is a 3 × 3 matrix of zeros. Thus, W and A may be estimated as (W |A)T = L−1Y T . Application of this
function, f , results in the deformed image I ′′2 which is observed to align better with I1.

3. Blending: A simple pixel averaging scheme is used to blend the images at the boundary. The result of
fingerprint mosaicing is illustrated in Figure 4.

4. FEATURE MOSAICING USING THIN PLATE SPLINES

In feature mosaicing, the minutiae templates corresponding to the two fingerprint samples are first aligned and
then fused to form a composite minutiae template. The main stages of the feature mosaicing algorithm are
illustrated in Figure 6.

1. Coarse Alignment: The minutiae templates T2 is aligned with T1 using an affine transformation in the
same fashion as discussed in Section 3, resulting in transformed template T ′

2.
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Figure 8. ROC curves indicating the performance due to the five matching scenarios.

2. Fine Alignment: A set of n control points, M1 = {(xm1,i , ym1,i)|i = 1, 2, . . . n} and M2 = {(x′
m2,i

, y′
m2,i

)|i =
1, 2, . . . n}, are obtained using the coarse alignment technique discussed above from the minutiae templates T1

and T ′
2, respectively. Using the TPS model discussed in Section 3, minutiae template T ′

2 is distorted to fine align
it with the other template T1 resulting in T ′′

2 .

Genuine minutiae
not detected in the
mosaiced image
in (c)

Genuine minutiae not detected
in the mosaiced image in (c)

Spurious
minutiae

Missing genuine
minutiae

(a) (b) (c)

Figure 9. Spurious minutiae and missing genuine minutiae. (a) Impression 1 (I1); (b) Impression 2 (I2); (c) Mosaiced
image.

3. Combining Templates: After distorting the minutiae template T ′
2 according to the non-linear deforma-

tion present in T1, each minutia point in T ′′
2 is examined to determine if it is within a radius of 10 pixels from the

corresponding minutia in T1. Consider an overlapping pair of minutiae m1,i(x1,i,y1,i,θ1,i) and m′′
2,j(x

′′
2,j ,y

′′
2,j ,θ

′′
2,j)

from templates T1 and T ′′
2 respectively. Then, a new minutia (xt, yt, θt) in the composite template is formed by

taking the average of coordinates of both the minutiae, given by,
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FAR (%) GAR (%)
Single impression Image mosaicing Feature mosaicing

1 94.6 98.6 99.6
0.1 94.4 98 98.8

Table 1. The GAR at a fixed FAR for single impression, image mosaicing and feature mosaicing.

xt =
x1,i + x′′

2,j

2
,

yt =
y1,i + y′′

2,j

2
,

θt =

{
θ1,i+θ′′

2,j

2 − π if |θ1,i − θ′′2,j | > 180
θ1,i+θ′′

2,j

2 otherwise

The unpaired minutiae points in both the templates T1 and T ′′
2 are directly copied to the merged minutiae

template as shown in Figure 5(c) resulting in a fused template (Figure 5(d)). Thus, the number of minutiae in the
mosaiced template will always be greater than or equal to the number of minutiae in the individual templates.
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Figure 10. Histogram of number of minutiae before and after mosaicing.

5. EXPERIMENTAL RESULTS

We evaluated the performance of our mosaicing algorithm on the FVC 2002 DB1 fingerprint database. This
database has 880 fingerprint images corresponding to 110 different fingers (8 impressions per finger: I1, I2, . . . I8)
obtained using an optical sensor. Each image is of size 388 × 374.

In our experiments, the images were first enhanced using a COTS (commercial-of-the-shelf) software before
minutiae extraction and mosaicing. For each finger, two impressions, I1 and I2, were used to generate the
mosaiced image while their corresponding templates were used to generate the mosaiced template. The remaining
six impressions of each finger (I3, I4, . . . I8) were used as test impressions. Let S1 and S2 denote the set of
impressions from all fingers corresponding to I1 and I2, respectively; C denote the set of mosaiced images; T
denote the set of mosaiced templates; and Q denote the set of test impressions of all fingers.
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Pearson’s coefficient Spearman’s coefficient
Genuine scores Imposter scores Genuine scores Imposter scores

Image and feature mosaicing 0.8354 0.4497 0.8229 0.4753
Image mosaicing and sum rule 0.0581 0.2045 0.0665 0.2472
Feature mosaicing and sum rule 0.0286 0.2127 0.0307 0.2507

Table 2. Pairwise correlation (as assessed by Pearson’s coefficient and Spearman’s rank coefficient) between the 3 sets
of genuine and impostor scores.

When the number of corresponding minutiae pairs between two impressions, I1 and I2, is very small, then the
TPS parameters cannot be reliably estimated resulting in incorrect registration (Figure 7). In such situations,
the test image is matched against both impressions, I1 and I2, and the resulting scores combined using the sum
rule (score level fusion). Figure 8 shows the Receiver Operating Characteristic (ROC) curves corresponding to
five different matching scenarios. (a) Matching individual impressions in S1 against individual images in Q; (b)
Matching individual impressions in S2 against individual images in Q; (c) Matching the mosaiced images in C
against individual images in Q, and using the sum rule for the 18 fingerprint pairs that had a small number of
corresponding points; (d) Matching the mosaiced templates in T against the minutiae sets in Q, and using the sum
rule for the 18 fingerprint pairs that had a small number of corresponding points; and (e) Matching individual
impressions in Q with images in S1 and S2, and taking the average (sum rule) of the corresponding scores.
Matching was accomplished using a minutiae-based COTS matcher. The matching performance is observed to
improve significantly when the mosaiced template or mosaiced image is used instead of the individual impressions.
Table 1 shows the improvement in the GAR (Genuine Acceptance Rate), at a fixed FAR (False Acceptance Rate),
after incorporating our mosaicing technique. Also, the matching performance of image mosaicing is found to
be slightly inferior than that of feature mosaicing over a wide range of thresholds. This could be due to the
blending that results in the incorrect detection of minutiae in the mosaiced image (Figure 9). The ROC also
indicates that fusion at the match score level results in the best performance. However, unlike mosaicing, score
level fusion requires storing multiple templates per user in the database thereby increasing storage requirements
and the time needed for matching.

As both image mosaicing and feature mosaicing adopt a common registration scheme, we expect the match
scores as a result of these two approaches to be correlated. This is borne out in Figure 11 that shows the pairwise
scatter plot of match scores (genuine and imposter) corresponding to the three fusion schemes: image mosaicing
vs feature mosaicing, feature mosaicing vs sum rule and image mosaicing vs sum rule. Table 2 lists the pairwise
correlation of these match scores (Pearson’s coefficient and Spearman’s rank coefficient). It is apparent that the
match scores of image and feature mosaicing are highly correlated. Since fusion at the score level treats the two
component impressions independently, it is not correlated with either of the mosaicing schemes.

(a) (b) (c)

Figure 11. Scatter plot of genuine and imposter scores. (a) Image mosaicing vs feature mosaicing; (b) Feature mosaicing
vs sum rule; (c) Image mosaicing vs sum rule.

ross
Proc. of SPIE Conference on Biometric Technology for Human Identification III, (Orlando, USA), pp. 620208-1 - 620208-12, April 2006.



6. SUMMARY AND FUTURE WORK

Image and feature mosaicing represent two techniques for consolidating the information present across multiple
impressions of the same finger. Both mosaicing techniques rely on the application of an accurate registration
procedure for aligning two impressions. In this paper, we used thin-plate splines (TPS) to derive the registration
(i.e., transformation) parameters relating a pair of impressions. The TPS model accounts for the relative elastic
deformation between two fingerprints. We evaluated the performance of image and feature mosaicing on the FVC
2002 DB1 dataset. Our experiments suggest that, while both mosaicing techniques improve the performance of
the matching system, feature mosaicing outperforms image mosaicing. We also observed that the match scores
generated after image and feature mosaicing are correlated.

Future work involves designing a regularization technique for deciding the optimal number of minutiae re-
quired for estimating the TPS parameters. The TPS model could be made more robust by utilizing ridge curve
correspondences along with minutiae correspondences.7 Furthermore, a technique to select the ‘best’ pair of
images, from a given set of impressions, in order to perform mosaicing has to be developed.20
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