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Abstract: The spectral minutiae representation (SMC) has been recently proposed as a novel method to minutiae-based
ﬁngerprint recognition, which is invariant to minutiae translation and rotation and presents low computational complexity. As
high-resolution palmprint recognition is also mainly based on minutiae sets, SMC has been applied to palmprints and used in
full-to-full palmprint matching. However, the performance of that approach was still limited. As one of the main reasons for
this is the much bigger size of a palmprint compared with a ﬁngerprint, the authors propose a division of the palmprint into
smaller regions. Then, to further improve the performance of spectral minutiae-based palmprint matching, in this work the
authors present anatomically inspired regional fusion while using SMC for palmprints. Firstly, the authors consider three
regions of the palm, namely interdigital, thenar and hypothenar, which have inspiration in anatomic cues. Then, the authors
apply SMC to region-to-region palmprint comparison and study regional discriminability when using the method. After that,
the authors implement regional fusion at score level by combining the scores of different regional comparisons in the palm
with two fusion methods, that is, sum rule and logistic regression. The authors evaluate region-to-region comparison and
regional fusion based on spectral minutiae matching on a public high-resolution palmprint database, THUPALMLAB. Both
manual segmentation and automatic segmentation are performed to obtain the three palm regions for each palm. Essentially
using the complex SMC, the authors obtain results on region-to-region comparison which show that the hypothenar and
interdigital regions outperform the thenar region. More importantly, the authors achieve signiﬁcant performance
improvements by regional fusion using regions segmented both manually and automatically. One main advantage of the
approach the authors took is that human examiners can segment the palm into the three regions without prior knowledge of
the system, which makes the segmentation process easy to be incorporated in protocols such as in forensic science.

1

Introduction

Recently, the spectral minutiae representation (SMC) [1, 2]
has shown its power in minutiae-based ﬁngerprint
recognition, which can handle minutiae translation and
rotation with good computational efﬁciency at the matching
stage, satisfying the requirements of high-resolution
palmprint recognition as well. As deﬁned in [1], the method
uses the minutiae locations in spatial domain and takes
Fourier transform of the coded locations and obtains the
magnitude of its Fourier spectrum in frequency domain.
The three types of SMCs are the location-based SMC
(SML), the orientation-based SMC and the complex SMC,
among which the enhanced SMC method [2] performs best
for ﬁngerprints with the EER of 3.05% on FVC2002 DB2A
database [3] and a matching speed of 8000 comparisons per
second. Inspired by matching accuracy and efﬁciency of
SMC, we applied it to high-resolution palmprints captured
at 500 ppi at least and implemented full-to-full palmprint
comparison in a previous work [4], as high-resolution
palmprint recognition is also mainly based on minutiae sets.
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However, the performance of SMC for full-to-full palmprint
comparison is not satisfying compared with either its use in
ﬁngerprint matching or state-of-the-art in high-resolution
palmprint recognition [5–8]. This is partly because of the
big size of palmprints compared with ﬁngerprints. This
motivates us to improve the performance of spectral
minutiae-based high-resolution palmprint recognition by
using unique properties of high-resolution palmprint images.
Different from a ﬁngerprint image, a high-resolution
palmprint image, as shown in Fig. 1, is deemed to have rich
types of features beyond minutiae, such as principal lines
(major creases), and minor creases. Also, a palmprint can be
divided into three regions by the three major creases, that is,
interdigital, thenar and hypothenar, which is a typical
division used in forensic anthropology for instance (see
Fig. 1). As indicated in [9], the three palm regions divided
by three major creases, have different performance according
to matching accuracy, with the thenar region having much
lower accuracy than interdigital and hypothenar regions.
This property can be considered as a unique aspect of
palmprints while it does not exist in ﬁngerprints.
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SMC method. Section 3 shows an experimental study and
analysis of regional discriminability while performing
region-to-region palmprint comparison using SMC. Section
4 describes regional fusion based on sum rule and logistic
regression, respectively, for high-resolution palmprint
recognition and reports experimental results. Conclusions
are given in Section 5.

2

Fig. 1 A sample full palmprint with high-resolution and its feature
types

Spectral minutiae representation

The SMC for high-resolution palmprints is the
 same asfor
Z
ﬁngerprints [1, 2]. Given the minutiae set (xi , yi , ui ) i=1
containing Z minutiae in a palmprint, the SMC consists of
the following steps. Firstly, in spatial domain, the minutiae
locations of a palmprint are coded by Gaussian indicator
functions
m(x, y; s ) =
2

Moreover, available high-resolution palmprint matching
algorithms [5–7] essentially follow the minutiae-based
ﬁngerprint matching strategy and focus on full-to-full/
partial-to-full palmprint comparison. These algorithms
would face problems when they are applied to forensic
palmprint recognition where latent marks have much
smaller area than full palmprints, which was also argued in
a recent work on forensic palmprint recognition [8]. This is
an additional reason towards the division in regions of the
palmprint in order to improve the performance of palmprint
recognition in forensic applications.
Owing to the motivations described above, in this work, we
present anatomically inspired regional fusion while using
SMC for palmprints. Firstly, we apply SMC to
region-to-region palmprint comparison and study
discriminability in interdigital, thenar and hypothenar
regions, respectively. Then, aimed to improve the
performance, we implement regional fusion at score level
and obtain results with two fusion methods, that is, sum
rule [10, 11] and logistic regression [12, 13]. Both manual
segmentation and automatic segmentation are performed to
obtain the three palm regions for each palm. We evaluate
region-to-region comparison and regional fusion based on
spectral minutiae matching on a public high-resolution
palmprint database, THUPALMLAB [14]. Essentially using
the complex SMC, we obtain results on region-to-region
comparison which show that the hypothenar and interdigital
regions outperform the thenar region. More importantly, we
achieve signiﬁcant improvements by regional fusion using
regions segmented both manually and automatically: (i) for
manually segmented regions, EER of 3.64% for sum rule
fusion, and 3.21% for logistic regression based fusion,
showing an improvement of 10.56 and 10.99% in EER,
respectively, compared with full-to-full palmprint
comparison on the same testing dataset; and (ii) for
automatically segmented regions, EER of 2.4% for sum rule
fusion, and 1.77% for logistic regression based fusion,
showing an improvement of 9.24% and 9.87% in EER,
respectively, compared with full-to-full palmprint
comparison on the same testing dataset.
This paper is an extension of the work on full-to-full
palmprint comparison using SMC [4]. The major novelty is
regional fusion using the three region-to-region palmprint
comparison scores to signiﬁcantly improve the performance
of spectral minutiae matching for palmprints. The rest of
the paper is organised as follows. Section 2 describes the
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(x − xi )2 + (y − yi )2
exp −
,
2s2
2ps2
(1)

s = sL or sC
where m(x, y; σ 2) is the summation of Gaussian indicator
functions at the locations of all minutiae in a palmprint and
σ is the standard deviation parameter. The parameters σL
and σC denote the standard deviations for the SML
representation and the SMC representation, respectively.
Then, we take the Fourier transform of m(x, y; σ 2) and
obtain the magnitude of its Fourier spectrum, that is, for the
SML representation [1]
ML (vx , vy ; s2L )


Z
v2x + v2y 
= exp −
exp(−j(vx xi + vy yi ))
2s−2
L
i=1

(2)

and for the SMC representation [2],
MC (vx , vy ; s2C )


Z
v2x + v2y 
= exp −
exp (−j(vx xi + vy yi ) + jui )
2s−2
C
i=1

(3)

In the SML representation, only the location of a minutia is
transformed, whereas both the location and orientation of a
minutia are transformed in the SMC representation.
Especially, when σ = 0, it means each minutia is presented
by a Dirac pulse mi(x, y) = δ(x−xi, y−yi), and the SML
representation becomes
ML (vx , vy ; s2L ) =

Z


exp (−j(vx xi + vy yi ))

(4)

i=1

and the SMC representation becomes
MC (vx , vy ; s2C ) =

Z


exp (−j(vx xi + vy yi ) + jui )

(5)

i=1

Finally, the continuous spectra SML or SMC is sampled on a
polar-linear grid with the size M0 × N0 where M0 (set to 128)
samples are located in the radial direction between λl and λh,
and N0 (set to 256) samples are located in the angular
95
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Table 1 Description of parameters for SMC and comparison
Parameters

Values

Descriptions

M
N
σL

128
256
≥0

σC

≥0

λl

≥0

λh

> λl

q

[−128,
128]

number of polar samples for radius
number of polar samples for angle
Gaussian parameter for SML when 0,
denotes dirac pulse; otherwise,
Gaussian pulse
Gaussian parameter for SMC when 0,
denotes Dirac pulse; otherwise,
Gaussian pulse
lower bound of frequency range in the
radial direction
upper bound of frequency range in the
radial direction
shift range setting for rotation
compensation equivalent to a range
[−180°, 180°] for SMC and a range
[−90°, 90°] for SML

direction between 0 and π for SML or between 0 and 2π for
SMC. Parameters λl and λh denote frequency range
boundaries in the radial direction, which can be tuned
during spectrum sampling.
Let R and T be the two sampled minutiae spectrums of
dimensions M × N obtained from the minutiae sets in a
reference palmprint and a test palmprint, respectively, the
matching score between them is calculated as the maximum
correlation coefﬁcient between R and T as follows
S (R,T ) = max
p,q

1 
R(m, n)T (m − p, n − q) ,
MN m,n

(6)

N N
p = 0, q [ − ,
2 2
where T(m − p, n − q) denotes a shift version of T(m, n) with a
shift of p in the radial direction for scaling and a shift of q in
the angular direction for rotation. In practice, we set p = 0 and
assume that there is no scaling difference between the
palmprints in the database we use since the database [14] is
collected using a single palmprint scanner and the same
protocol for all palmprints. Note that in this work we use
the full angular shift range [−N/2, N/2] in steps of one unit
equivalent to a range [−180°, 180°] in steps of 1.4° for
SMC and a range [−90°, 90°] in steps of 0.7° for SML for
palmprint matching. This is because the palmprint images
in the database we use have much larger rotation compared
with previous works on ﬁngerprints [1, 2] (e.g. in [1], a
range [−15, 15] in steps of three units is used which is
equivalent to a range [−10°, 10°] in steps of 2°). The
parameters in (1)–(6) are summarised in Table 1. The above
procedures of applying SMC to palmprints are similar
with [4].

3
3.1

Region-to-region palmprint comparison
Regional discriminability

As observed from Figs. 1 and 2, the three palm regions have
different feature properties: (i) the interdigital region contains
signiﬁcant singular points and the heart line which could
improve its discriminability; (ii) the thenar region contains
many more minor creases and wrinkles which deteriorate its
discriminability; and (iii) the hypothenar region contains
more regular ridges which improve its discriminability. To
96
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Fig. 2 Deﬁnitions of a palmprint: principal lines (1 – heart line,
2 – head line and 3 – life line), palmprint regions (I – interdigital
region, II – thenar region and III – hypothenar region) and datum
points (a, b-endpoint, o-their midpoint) [15]. c is the intersection
point of the bottom boundary of a palm and the perpendicular
bisector of the line segment ab. Here ab and oc are used for
region segmentation.

check these observations, we implemented region
segmentation based on datum points [15] marked manually,
and obtained region-to-region matching results using SMC
on a subset of the database THUPALMLAB [14]. The
subset of THUPALMLAB includes the palmprint images
from the last 50 subjects with 100 palms, that is, 800
( = 50 × 2 × 8) images. Moreover, automatic segmentation
based on datum points using the method proposed in [16] is
also performed on the same subset. As reported in [16],
there are 702 images segmented successfully in the subset
of THUPALMLAB, among which there are 85 palms
obtaining successful segmentation for their complete
eight-image sets. We then use the 680 images from the
85palms and their automatically segmented regions to
obtain region-to-region matching results.
As both manual and automatic region segmentation
techniques are inspired anatomically, here we ﬁrst give a
description of the anatomic basis of a palmprint. As shown
in Fig. 2, because of the stability of the principal lines, the
endpoints a and b of the life line and the heart line which
intersect both sides of the palm, and their midpoint o are
also stable according to their locations in the full palmprint.
They were deﬁned as datum points in [15]. Some
signiﬁcant properties of datum points can be used for
region segmentation: (i) the relative locations of the
endpoints and their midpoint are rotation invariant in a
palmprint; and (ii) a palm can be divided into three regions:
interdigital region (I), thenar region (II) and hypothenar
region (III) by the connections between the endpoints and
their perpendicular bisector, that is, line segments ab and oc
(see Fig. 2).
Based on the properties of the datum points, we segment
each palmprint into three regions manually and
automatically, respectively. In the manual segmentation, we
manually choose endpoints a and b according to their
deﬁnition and obtain their position with X and Y axis
values. In the automatic segmentation, endpoints a and b
are detected automatically based on convex hull comparison
as detailed in [16]. Then we calculate the position of their
midpoint o. Finally we divide each palmprint into those
IET Biom., 2014, Vol. 3, Iss. 2, pp. 94–100
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Table 2 Results of region-to-region matching compared with
full-to-full matching using the SMC method with Dirac pulse
(σ = 0)
Comparisons

interdigital (I)
thenar (II)
hypothenar (III)
full-to-full

Fig. 3 Segmented regions for a sample palmprint

three regions by treating the line segments ab and oc as
boundary lines. One example of manually segmented
regions for a palmprint is shown in Fig. 3. Three regional
datasets are generated from the testing database (800
palmprints) of THUPALMLAB after manual region
segmentation and named as Region I, II and III
corresponding to interdigital region (I), thenar region (II)
and hypothenar region (III), respectively. And another three
regional datasets are generated from the subset (680
palmprints) of the testing database after successful
automatic region segmentation. These regional datasets will
be used to obtain region-to-region matching scores in the
next section.
3.2

Experimental analysis

In our experiments, we ﬁrst use the commercial SDK
MegaMatcher 4.0 [17] to implement feature extraction for
the three regional datasets segmented manually and
automatically,
respectively,
and
then
perform
region-to-region comparison using SMC on the three
regional datasets I, II and III separately.
For each regional dataset segmented manually, there are
2800 ( = (100 × 8 × 7)/2) genuine comparison attempts and
4950 ( = (100 × 99)/2) impostor comparison attempts. Since
the SMC method outperforms the SML method for
palmprints as reported in [4], we only use the SMC method
for region-to-region comparison. The best results with
parameter conﬁgurations for the three regions are shown in
Table 2, and the ROC curves are shown in Fig. 4. The EER
results are 11.11, 17.5 and 5.46% corresponding to
interdigital region, thenar region and hypothenar region,
respectively. As it can be observed, the thenar region shows
much lower discriminating power. This is consistent with
the observation that the thenar region contains many more
minor creases and wrinkles which deteriorate its
discriminability. It is also consistent with the result reported
in [9] when the matching is based on minutiae features. The
results also show that the hypothenar region outperforms
IET Biom., 2014, Vol. 3, Iss. 2, pp. 94–100
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EER

Parameters
[λl, λh]

[0.02, 0.3]
[0.08, 0.25]
[0.02, 0.16]
[0.06, 0.16]

Manual
regions, %

Automatic
regions, %

11.11
17.5
5.46
14.2

8.95
16.43
4.08
11.64

the interdigital region on the THUPALMLAB database,
which is possibly because that the hypothenar region has
more minutiae with better quality owing to much less minor
creases in this region than in the interdigital region.
Furthermore, the interdigital and hypothenar regions
outperform full-to-full comparison with EER of 14.2%
using the SMC method, but not the thenar region. This
evidences that not all the regions should receive equal
treatment, like it happens in full-to-full comparison. This
observation reinforces the motivation of regional fusion.
Note that the selection of the parameters λl and λh is
performed with several trials on the same testing database
without using another training database. This is owing to
that the aim of this work is to show how regional fusion
can overcome the limitations of the SMC method, not the
tuning of the method.
For each regional dataset segmented automatically, there
are 2380 ( = (85 × 8 × 7)/2) genuine comparison attempts
and 3570 ( = (85 × 84)/2) impostor comparison attempts.
The same parameter conﬁgurations as for the regional
datasets segmented manually are used. The results are
shown in Table 2, and the ROC curves are shown in Fig. 5.
The EER results are 8.95, 16.43 and 4.08% corresponding
to interdigital region, thenar region and hypothenar region,
respectively. It also indicates that on the THUPALMLAB
database, the thenar region shows much lower matching
accuracy, which is consistent with the observation at the
beginning of this section and the result reported in [9].
Moreover, the hypothenar region outperforms interdigital

Fig. 4 ROC curves for the three region-to-region comparisons
using manually segmented regions compared with full-to-full
matching on the subset of 800 palmprints from THUPALMLAB
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[10] and logistic regression [12, 13]. The implementation is
detailed in the following sections.
4.1

Sum rule against logistic regression

Both fusion methods considered are using a linear
combination of the score sets s1, s2, s3 obtained from
region-to-region comparison of the three regions. The sum
rule fusion is simply represented as
sf1 =

3


si

(7)

i=1

and the logistic regression based score fusion is represented as
s f 2 = w0 +

Fig. 5 ROC curves for the three region-to-region comparisons
using automatically segmented regions compared with full-to-full
matching on the subset of 680 palmprints from THUPALMLAB

region on the THUPALMLAB database, and also
outperforms full-to-full comparison with EER of 11.64%
using automatically segmented regions (note that the
difference in EER between full-to-full comparison with
manual and automatic segmentation is because of the slight
difference between experimental datasets). It can be seen
that the results are consistent with the performance on
the regional datasets segmented manually, reinforcing the
conclusions about regional discriminability. Again, the
evidence that the different regions should receive different
treatment is conﬁrmed, and the motivation of regional
fusion is supported.

4

Regional fusion

Based on the above experimental study on regional
discriminability, we implement regional fusion for
high-resolution palmprint recognition in this section, using
regions
segmented
manually
and
automatically,
respectively. As shown in Fig. 6, using region-to-region
comparison scores obtained in Section 3, we obtain regional
fused scores using two fusion methods, that is, sum rule

Fig. 6 Matching strategy of regional fusion
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3


wi · si

(8)

i=1

where sf1 and sf2 are the fused output scores, and w = [w0, w1,
w2, w3] is a vector of real-valued weights trained using
logistic regression (details given below).
4.2

Experimental analysis

In this section, we obtain regional fusion results using the two
fusion methods described above, for regions segmented
manually and automatically, respectively. The FoCal
Toolkit [18] is used to implement logistic regression based
score fusion. The testing databases from THUPALMLAB
are the same as described in Section 3.2. Following a
leave-one-out training scheme, that is, leaving out all the
genuine and impostor scores corresponding to one palm in
each iteration, we use both genuine and impostor training
scores to estimate w using FoCal which implements
maximum-likelihood training. This leave-one-out training
scheme may lead to somewhat optimistic results, because
the training and testing score sets are in comparable
conditions in each iteration. However, as we will see, it
performs in a comparable way as sum fusion which does

Fig. 7 ROC curves of regional fusion based on sum rule and
logistic regression, respectively, using manually segmented
regions, compared with full-to-full comparison on the subset of
800 palmprints from THUPALMLAB
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Fig. 8 ROC curves of regional fusion based on sum rule and
logistic regression, respectively, using automatically segmented
regions, compared with full-to-full comparison on the subset of
680 palmprints from THUPALMLAB

not require training. The latter diminishes the risk of
overﬁtting.
The ROC curves of the two fusion methods on the regional
datasets segmented manually are shown in Fig. 7. EER of
3.64% is achieved by sum fusion, whereas EER of 3.21%
by logistic regression based score fusion. The results prove
a signiﬁcant improvement by regional fusion, compared
with the EER results of 14.2% for full-to-full comparison
and 11.11, 17.5 and 5.46% corresponding to the three
individual region-to-region comparisons as reported in
Section 3.2 for manual segmentation.
The ROC curves of the two fusion methods on the regional
datasets segmented automatically are shown in Fig. 8. It can
be seen that the ROC curves are also improved by regional
fusion based on logistic regression and sum rule compared
with full-to-full comparison. The EERs of regional fusion
using logistic regression and sum rule are 2.4 and 1.77%,
respectively, compared with 11.46% of full-to-full
comparison and 8.95, 16.43 and 4.08% corresponding to
the three individual region-to-region comparisons as
reported in Section 3.2 for automatic segmentation. This
also indicates that regional fusion outperforms
region-to-region comparison as well as full-to-full
comparison. Therefore the hypotheses which motivated this
fusion method are conﬁrmed.

5

Conclusions

In this work, we presented anatomically inspired regional
fusion while using SMC for palmprints. Firstly, we applied
SMC to region-to-region palmprint comparison and studied
regional discriminability when using the SMC method in
the three different regions of the palmprint, that is,
interdigital, thenar and hypothenar. Evaluated on a subset of
680 palmprints from the public high-resolution palmprint
database THUPALMLAB, the best EER results using
regions segmented automatically were 8.95% for the
interdigital region, 16.43% for the thenar region and 4.08%
for the hypothenar region. Then, aimed to improve the
performance further, we implemented regional fusion at
score level using region-to-region comparison score sets
and obtained results with two fusion methods, that is, sum
IET Biom., 2014, Vol. 3, Iss. 2, pp. 94–100
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rule and logistic regression. Using regions segmented
automatically, The EER results of 2.4% for sum rule fusion,
and 1.77% for logistic regression based fusion were
achieved on the subset of 680 palmprints from
THUPALMLAB. The results show that: (i) The hypothenar
and interdigital regions outperform the thenar region; and
(ii) regional fusion using both fusion methods signiﬁcantly
improves the performance of spectral minutiae matching for
palmprints. Moreover, using regions segmented manually,
similar conclusions were conﬁrmed.
Worth noting, the contribution of this work is mainly based
on regional fusion. Although the SMC method has severe
limitations when applied to palmprints, regional fusion can
still improve its performance. We can foresee other systems
may also be able to achieve better performance by using
regional fusion, which are to be tested. Regional fusion
employs regional discriminability, which could be further
applied to forensic applications, mainly latent-to-full
palmprint comparison. Towards that direction, our future
work
will
be:
(i)
improving
automatic
and
database-adaptable region segmentation techniques under
the concept of three regions; and (ii) applying region fusion
based on automatic region segmentation to forensic
palmprint comparison.
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