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bstract. We propose the use of the morphological pattern spec-
rum, or pecstrum, as the base of a biometric shape-based hand
ecognition system. The system receives an image of the right hand
f a subject in an unconstrained pose, which is captured with a
ommercial flatbed scanner. According to pecstrum property of in-
ariance to translation and rotation, the system does not require the
se of pegs for a fixed hand position, which simplifies the image
cquisition process. This novel feature-extraction method is tested
sing a Euclidean distance classifier for identification and verifica-
ion cases, obtaining 97% correct identification, and an equal error
ate (EER) of 0.0285 (2.85%) for the verification mode. The obtained
esults indicate that the pattern spectrum represents a good feature-
xtraction alternative for low- and medium-level hand-shape-based
iometric applications.
2009 SPIE and IS&T. �DOI: 10.1117/1.3099712�

Introduction
utomatic personal identification and verification based on
iometrics has received extensive attention in past years. A
iometric system aims to provide automatic recognition of
n individual based on features or characteristics unique to
ach human being. Biometric systems are based on several
odalities, such as iris, voice, face, ear shape, hand shape,
ngerprints, palm prints, or dynamical features like gait,
n-line signature verification, and others.1 Requirements,
trengths, and weaknesses of each method have been
idely reported in the literature.
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Among these modalities, hand-shape recognition has re-
ceived significant attention due to its convenience in setup
complexity, and its psychological acceptance as a noninva-
sive method, since it does not produce anxiety in the user as
other techniques could.2 However, hand-based biometric
systems are limited to be commonly used in small- to
medium-scale person verification applications, because
geometric features of the hand are less distinctive than fin-
gerprint or iris features.3 In past years some commercial
systems using this modality have been developed, and new
algorithms have been proposed. Many hand-based biomet-
ric techniques use geometric features such as finger and
palm heights, finger widths, palm-finger ratios,4–6 palm-
print information, palm contour, or a combination of palm-
print features and geometric form measurements.2,7 Several
mathematical approaches for feature extraction have been
proposed, such as Hausdorff distance,8 B-spline curves,9

geometric implicit polynomials,10 or high-order Zernike
moments.3 Excellent references comparing different algo-
rithms can be found in the literature.3,11,12 We propose the
use of the morphological operator pecstrum or pattern
spectrum, as a novel feature extractor for a shape-based
hand recognition system.

It is interesting to analyze the methods used in previous
research on hand-shape segmentation. In most cases, input
images are formed by the hand, wrist, and a portion of the
forearm. Segmentation of the hand shape has been accom-
plished through several approaches. Amayeh et al.3 de-
tected the palm by finding the largest circle marked on the
hand silhouette using morphological operators. Then, the
Jan–Mar 2009/Vol. 18(1)1
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ntersection of the forearm with the boundary of the circle
s used to segment the hand shape. Fouquier et al.5 per-
ormed hand-shape segmentation by drawing a wrist line
ased on geometrical considerations and ad hoc criteria re-
ated to the measurement of the largest palm width. Yoruk
t al.8 used two methods to synthesize a wrist boundary.
he first approach was the implementation of a curve
ompletion algorithm called the Euler spiral, which fur-
ishes a natural completion of the hand-shape contour in
he wrist part. Their second approach was simply a guillo-
ine cut of the hand shape at the same latitudes determined
y some specific points. In the work presented here, a setup
ith lateral light illumination placed under the arm of the

ubject was used. This style of lighting automatically elimi-
ates the area corresponding to the wrist and the forearm
irectly during the acquisition process, which provides
atural hand-shape segmentation with good results. It is
mportant to point out that the method described in this
ork considers the input image as represented in hand-

hape form, therefore to use it with other databases, prepro-
essing over the images is required.

Pattern Spectrum
athematical morphology is a geometric approach to non-

inear image processing that was developed as a powerful
ool for shape analysis in binary and grayscale images.13,14

orphological operators are defined as combinations of ba-
ic numerical operations taking place over an image A and

small object B, called a structuring element. B can be
een as a probe that scans the image and modifies it accord-
ng to some specified rule. The shape and size of B, which
s typically much smaller than image A, in conjunction with
he specified rule, define the characteristics of the per-
ormed process. An interesting morphological operator is
he pattern spectrum or pecstrum. This operator decom-
oses the target image in morphological components ac-
ording to the shape and size of the structuring element,
roviding a quantitative analysis of the morphological con-
ent of the image.14,15 Pecstrum was originally developed
y Pitas and Venetsanopoulus,13 and Maragos.16 Although
t presents excellent properties as a shape extractor with
nvariance to translation and rotation, pecstrum has not
een extensively used, probably because it is a computa-
ionally intensive algorithm. However, this drawback may
e minimized using hardware implementations. Pecstrum
as been used in the last few years with several applica-
ions: analysis of partial discharges in high voltage
ystems,17 automatic recognition of automotive plates,18

exture analysis using images of debris particles in poly-
ers and composite materials,19,20 and cytology of bone
arrow images for the counting of white blood cells based

n morphological granulometries.21

Binary-image mathematical morphology is based on two
asic operators extensively presented in the literature
nown as dilation and erosion and defined respectively
s:13

� B = �
b�B

Ab, �1�

�B = �
b�B

A−b. �2�
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The dilation and erosion of A by B are then regarded as
the set union or intersection, respectively, of the objects A
translated by all vectors contained in B. The backbone of
the pattern spectrum is the opening morphological filter,
defined as an erosion operation followed by a dilation using
the same structuring element:

A � B = �A�B� � B . �3�

In the opening operation, dilation attempts to undo ero-
sion; however, some details closely related to shape and
size of the structuring element will vanish. Furthermore, an
object disappearing as a consequence of erosion cannot be
recovered. In a pattern spectrum, the progressive vanishing
of the image is numerically captured by measuring the dif-
ferences in area in every step.

Formally, the pattern spectrum of a compact binary im-
age A�R2, relative to a convex binary pattern B�R2, is
defined as the differential size distribution function:

Px�n,B� =
dM�A � nB�

dn
n � 0. �4�

M represents the area measured in the intermediate opera-
tions, and nB is the n-times dilated structuring element. The
discrete form of the pattern spectrum is given by:

P�n,B� =
M�A � nB� − M�A � �n + 1�B�

M�A�
. �5�

Pecstrum has the property of invariance to translation and
rotation when B is an isotropic structuring element. Scale is
determined by the size of the structuring element.

3 Feature Extraction Using the Pattern Spectrum
The images used in this work were obtained from the right
hand of subjects in an unconstrained pose, using a
flatbed scanner at 50 dpi and reduced to a size of
256�256 pixels. The subjects were asked to stretch their
hand naturally with their fingers separated, and to place it
inside a square drawn in the scanner at a reasonable vertical
hand position. Various hand positions with different ex-
tended angles between fingers were thus obtained. An ad
hoc lateral light illumination pointed at the forearm of the
subject was used to eliminate automatically the area corre-
sponding to the wrist, as shown in Fig. 1. The palm shape
was then segmented by simple binarization and contrast
inversion, with a gray-level threshold method using an ex-

Fig. 1 Hand shape segmentation: grayscale-captured image and its
corresponding binary segmented image.
Jan–Mar 2009/Vol. 18(1)2
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erimentally determined threshold of 150, without addi-
ional processing. It was observed that no additional infor-
ation about the hand shape was obtained in the last stages

f pecstrum calculation, due to the tendency of the central
art of the hand to approximate a round form, which pro-
uces pecstrum values near zero. Execution time of erosion
nd dilation operations increases exponentially with the
ize of the structuring element; therefore, computation of
he pecstrum was optimized by doubling the step size of the
tructuring element in the last stages when half the area of
he hand shape is surpassed. This adjustment allows the
ystem to accelerate the execution time of the process with-
ut losing definition of the morphology definition of the
alm shape, and avoiding an unnecessary increasing in the
eature vector size.

Figure 2 shows a pecstrum-based feature vector obtained
rom the hand-shape image in Fig. 1. The structuring ele-
ent is given by a disk with an incremental radius of one

ixel per iteration. The first value plotted in Fig. 2 corre-
ponds to the total area of the hand shape normalized to the
indow size, and the rest are values of the pattern spectrum
btained according to Eq. �5�. The maximum vector size
btained was n=25, corresponding to the last iteration in
hich the image totally dissipates. A detailed description of

he obtained feature vector plotted in Fig. 2 is as follows.

• The first value �labeled A� at n=0 corresponds to the
total area of the image, normalized to the window
size.

ig. 2 Hand-shape feature vector based on the morphological pat-
ern spectrum.

ig. 3 Ten samples from the same subject with variations in the
xtended angle between fingers.
ournal of Electronic Imaging 013012-
• The intermediate values located in the region labeled
B reflect the morphological constitution of the fingers.

• The values in the region labeled C are related to the
shape of the palm. Typically, a symmetric palm with a
close-to-circle form gives small values in that region.

• The last value �labeled D� reflects the size of the cen-
tral palm shape.

Intraclass samples included hand-shape images showing
natural variations in the position of fingers. According to
the obtained results, a pattern spectrum is able to tolerate
finger displacements and hand rotations, and to extract a
good representation of the morphological constitution of
the hand shape. Figure 3 shows an example with a collec-
tion of ten samples obtained from the same subject �notice
variations in finger positions�. The corresponding pattern
spectra are plotted in Fig. 4, and Fig. 5 shows the pattern
spectra obtained from ten subjects belonging to different
classes. To obtain an insight about the statistical data dis-
tribution, a basic analysis on inter- and intraclasses is re-
ported in the next section.

Morphological operations are based on evaluating val-
ues contained in a local neighborhood of a pixel defined by
a structuring element. For large neighborhoods, such calcu-
lations become computationally intensive. For the basic
morphological functions of erosion and dilation, the num-

Fig. 4 Pattern spectra of ten samples from the same class.

Fig. 5 Pattern spectra of ten samples from different classes.
Jan–Mar 2009/Vol. 18(1)3
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er of operations is proportional to the area of the structur-
ng element. In this work, the structuring element is given
y a circle with radius NSE �SE stands for structuring ele-
ent�, so the complexity of each operation is proportional

o �NSE�2. The pattern spectrum involves several iterations
f basic morphological operations with a structuring ele-
ent of increasing size, and its complexity is proportional

o �Nse=1
m 2�NSE�2, where m represents the value of the last

teration in which the image totally dissipates.
The experiments reported in this work were carried out

sing Matlab 7.0. We are currently pursuing an optimized
ardware implementation of the pattern spectrum based on
eld programmable gate arrays �FPGAs�,22,23 which would
e required to make a practically exploitable prototype,
ased on the methodology described here.

Experimental Description and Results
e collected 400 images of the right hand, 10 samples

rom each subject, with a total of 40 subjects. To evaluate
his method, some experiments based on Euclidean dis-
ances were performed. The maximum distance between
amples was 0.8021. The average distance between mean
lasses was 0.469758. Our proposed feature vector led
amples belonging to the same subject to be located in clus-
ers with an average mean distance and standard deviation
f 0.04468 and 0.01265, respectively. Figure 6 shows the
ormalized histograms for intraclass and interclass sets,
hich represent the probability distribution functions of the
uclidean distances within samples in the database. The

ntraclass set consists of distance pairs within the clusters
f the same subject. The interclass set corresponds to the
airing of distances from different classes. As expected, the
ntraclass distribution is clustered toward the origin,
hereas the interclass distance distribution is scattered and

way from the origin.
The system performance was evaluated in two different

odes: identification and verification. For the identification
ase, the system was trained using patterns of several per-
ons, and a biometric template was calculated for each sub-
ect. The pattern under test was matched against every tem-
late built by the system through the Euclidean distance,
nd the system assigned the pattern to the person with the
ost similar template �smallest Euclidean distance�. To per-

Fig. 6 Intraclass and interclass statistical distribution.
ournal of Electronic Imaging 013012-
form a two-fold cross-validation process, the database was
divided into two groups with five samples per subject in
each group. The first group was used as an enrollment tem-
plate, while the second group was used for the authentica-
tion process. The experiment was repeated ten times, using
a random enrollment template. An average identification
rate of 97% was obtained while using this minimum Eu-
clidean distance classifier.

In the verification mode, the system performance was
evaluated through the false acceptance rate �FAR� and false
rejection rate �FRR�. The FAR is a measure of the likeli-
hood that the system will incorrectly accept an access at-
tempt by an unauthorized user, and it is stated as the ratio
of the number of false acceptances divided by the number
of attempts. On the other hand, the FRR is the measure of
the likelihood that the system will incorrectly reject an ac-
cess attempt by an authorized user, and it is stated as the
ratio of the number of false rejections divided by the num-
ber of attempts. These two rates exhibit a tradeoff that can
be controlled by a decision threshold �DTH�. This threshold
represents the Euclidean distance, which establishes the
separation point between the matching and nonmatching
accesses. The equal error rate �EER� is defined as the point
at which FRR and FAR exhibit the same value. Figure 7
shows the average FAR and FRR curves obtained for a
population of N=40 through a two-fold cross-validation
process. In a biometric system, performance is usually ana-
lyzed through a receiver operation characteristic plot
�ROC�, which represents the operating points of the system.
The ROC curve is obtained from the FRR and FAR curves
by moving DTH across the range of the decision threshold.
Figure 8 shows the average ROC curves in logarithmic
scales, which have been obtained through experiments with
several database populations. In the case corresponding to
N=40, an equal error rate �EER� of 0.0285 was obtained at
a decision threshold of DTH=0.068.

Table 1 provides a comparison of the system perfor-
mance obtained from different approaches that are reported
in the literature.24–28 Although a direct comparison is not
possible due to the differences in database size, number of
samples per subject, and feature extraction methodology, it
is evident that the results obtained are very competitive.
Further research incorporating additional modalities will be
carried out. Specifically, separate morphological analysis of

Fig. 7 Average false rejection rate and false acceptance rate
curves.
Jan–Mar 2009/Vol. 18(1)4



e
i
p
p

Ramirez-Cortes et al.: Shape-based hand recognition approach using…

J

ach finger previously segmented and a further numerical
ntegration should provide a detailed and presumably more
recise hand-shape representation, according to results re-
orted in the literature.5,28,29

Fig. 8 Average receiver operation characteristic curves �ROC�.

Table 1 Comparison o

Reference
number

Number of
subjects

Number of
samples

per
subject Fe

24 20 10 Geome

25 22 12 Geome
and fing

26 130 5 Geome

9 20 6 B-spli
thumb

pal

27 70 10 30 geom

28 108 5 Geome
Width o

seve

3 40 10 Zernik

7 100 10 Geome
and h

5 750 3/6 Finger
meas

This work 40 10 Morp
pattern
ournal of Electronic Imaging 013012-
5 Conclusions

A novel hand-shape feature extraction based on the mor-
phological pattern spectrum is presented for biometric ap-
plications. The results obtained indicate that the pattern
spectrum represents a good choice of feature extraction
methodology for low- and medium-scale applications. The
method is tested on a database of 40 subjects using an
Euclidean distance classifier, obtaining an average identifi-
cation rate of 97%, and an average EER=0.0285 �2.85%�
for the verification mode. These results are very competi-
tive when they are compared with systems previously re-
ported in the literature,3,11,12 although experiments with
larger databases are needed. A FPGA implementation of the
described algorithm is currently under construction in our
research group, aiming for the construction of a prototype
for real-time biometry. Further experimentation with other
recognition methods such as neural network-based classifi-
ers, support vector machines, and other approaches on
larger databases is currently in progress in our research
group.
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