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ABSTRACT

This paper presents a multi-matcher on-line signature verifi-
cation system which fuses the verification scores in pen-position
parameter and pen-movement angle parameter at decision level.
Features of pen-position and pen-movement angle are extracted
by the sub-band decomposition using the Discrete Wavelet Trans-
form (DWT). In the pen-position, high frequency sub-band sig-
nals are considered as individual features to enhance the differ-
ence between a genuine signature and its forgery. On the other
hand, low frequency sub-band signals are utilized as the features
for suppressing the intra-class variation in the pen-movement an-
gle. Verification is achieved by the adaptive signal processing us-
ing the extracted features. Verification scoresin the pen-position
and the pen-movement angle are integrated by using a weighted
sum rule to make total decision. Experimental results show that
fusion of pen-position and pen-movement angle can improve veri-
fication performance.

1. INTRODUCTION

Single biometric systemsmay not be alwaysapplicable because of
unacceptable performance and inability to operate on a large user
population. Multiple biometric systems can overcome these lim-
itations [1]-[6]. Five scenarios of the multiple biometric system
have been proposed in [3], that is, multi-sensor system, multi-
modal system, multi-unit system, multi-impression system, and
multi-matcher system. Among of them, the multi-matcher sys-
tem which uses multiple representation and matching algorithm
for the same input biometric signal is the most cost-effective way
to improve the performance of the biometric system[3].

We have proposed the on-line signature verification systemin
the Discrete Wavelet Transform (DWT) domain [7]. This system
utilized only pen-position parameter since it was detectable even
in portable devices such as the Personal Digital Assistants (PDA).
A time-varying signal of pen-position parameter was decomposed
into sub-band signalsby using the DWT. Verification wasachieved
by using the adaptive signal processing in each sub-band. Total
decision for verification was done by combining such verification
results. Verification rate of about 95% was obtained, which was
improved by about 10% comparing with a time-domain verifica-
tion system.

In this paper, we introduce multi-matcher schemeinto our on-
line signature verification system. In addition to pen-position pa-
rameter, pen-movement angle parameter is processed by the DWT
and the adaptive signal processing to obtain verification resultsin
sub-bands. The pen-movement angle parameter is derived from
the pen-position parameter; therefore, the proposed systemrequires

no additional sensor. While high frequency sub-band signals are
treated asindividual featuresin the pen-positionto enhancethe dif-
ference between agenuinesignature and itsforgery, low frequency
sub-band signals are utilized as the features in the pen-movement
anglefor suppressingtheintra-class variationsin signatures of one
individual. Verification results of both the pen-position and the
pen-movement angle are integrated at total decision level.

2. ON-LINE SIGNATURE VERIFICATION INDWT
DOMAIN

The on-line signature is digitized with the electronic pen-tablet.
Especially, we utilize only pen-position parameter since it is pro-
vided even in such as the PDA for handwriting or pointing. Actu-
ally, the pen-position parameter consists of discrete time-varying
signals of x and y coordinates, which are = *(n') and y* (n') , re-
spectively. n'(: 0,1, , Nimaz — 1) is a sampled time index.
Nmaz isthetotal number of sampled data. Asthe one-line signa-
ture is a dynamic biometrics, each writing time is different from
the others. This results in the different number of sampled data
even in genuine signatures. Moreover, different writing place and
different size of signature cause variations in pen-position param-
eter. To reduce such variations, pen-position data are normalized
in general. The normalized pen-position parameter is defined as

z(n) = 713*(”) — Fmin

Tmaz — Tmin

Y (n) — Ymin
y(n) Ymaz — Ymin Yy (1)
where n(= 0 ~ 1) is a normalized sampled time index given
by n = n'/(wa —1). Zmazr aNd Ypmaee are maximum and
minimum values of «*(n) and y*(n), respectively. «, and o,
are scaling factors for avoiding underflow calculation in sub-band
decomposition described later.

However, such normalization makes the difference between
a genuine signature and its forgery unclear [7]. In addition, the
on-line signature is relatively easy to forge if the written signa
ture is known. Easiness of imitating pen-position data decreases
the difference between the genuine signature and the forgery fur-
ther. Therefore, it is not easy to distinguish between the genuine
signature and the forgery by using the time-varying signal of a
pen-position parameter [7].

In order to enhancethe difference between agenuinesignature
andits forgery, we have proposed to verify the on-line signaturein
DWT domain[7]. Inthefollowing, = (n) and y(n) are represented
asw(n) for convenience. TheDWT of the normalized pen-position
v(n) isdefined as
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Fig. 1. Parallel structure of sub-band decomposition by DWT.
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Fig. 2. Definition of pen-movement anglef(n).

where U, ,(n) isawavelet function and - denotes conjugate. & is
afrequency (level) index.

Moreover, it is well known that the DWT correspondsto the
octave-bandfilter bank. Fig.1 showsaparallel structure of the sub-
band decomposition. M 4 is decomposition level. The synthesized
signal vx(n) in each sub-band is called Detail. The Detail is the
signal in high frequency band and so it contains differences be-
tween signals. Therefore, we consider the Detail as an enhanced
individual feature in pen-position.

Results by sub-band decomposition of pen-position parameter
areomitted for duplication. Thedifference between agenuinesig-
nature and its forgery can be enhancedin the DWT domain. Please
refer to [7] in detail.

3. FUSION OF PEN-POSITION AND PEN-MOVEMENT
ANGLE

For improving verification performance, the multi-matcher system
is the most cost-effective [3]. In this paper, we propose a new
pen-movement angle parameter and to fuse it with a conventional
pen-position one.

3.1. Pen-movement Angle

We define the pen-movement angle parameter 6(rn) in Fig.2 and
Eq.(3).

tan ™! %, Az(n) >0
tan™" sgn(Ay(n)) - Z, Az(n)=0

8(n) = tan ! %%l +, Az(n) < 0,Ay(n) >0
tan ™! 2iEZ§ -, Az(n) < 0,Ay(n) <0

Az(n) =z(n) —z(n—s), Ay(n) =y(n) —y(n—s) (3

Fig. 3. Sub-band filter bank for extracting Approximations.

where s presentsamount of time shift.

The pen-movement angle parameter is derived from the pen-
position one; therefore, the proposed multi-matcher system re-
quires no additional sensor. Furthermore, the pen-movement an-
gle parameter essentially has two-dimensional characteristics. As
aresult, it brings more obvious individual feature of the on-line
signature than the pen-position parameter which isactually in one-
dimensional .

3.2. Suppressing I ntra-class Variations

It is also confirmed that the proposed pen-movement angle param-
eter havelargeintra-class variation in signatures of oneindividual.
For utilizing the pen-movement angle parameter in verification,
some reduction method of the intra-class variation is required.

In order to suppress such intra-class variations, we extract an
Approximation as an enhanced similarity of the pen-movement an-
gle parameter. The Approximation is the low frequency band sig-
nal in sub-band decomposition by the DWT; therefore, it contains
similarity between signals.

Fig.3 showsthe sub-band filter bank for extracting the Approx-
imations. Ax(z) and S (z) wherek = 1,--- , M, arethe synthe-
sisfilter and the analysisfilter, respectively. M, is decomposition
level in the pen-movement angle.

Examples of the Approximation are shown in Fig.4. Fig.4(a)
indicates that the similarity of two genuine signaturesis extracted
in Approximations. On the other hand, Fig.4(b) showsthat the dif-
ference between a genuine signature and its forgery is kept even
in Approximations. These comparisons suggest that the verifica-
tion using the Approximation can suppressthe intra-class variation
keeping the difference of the genuine signature and its forgery.

3.3. Multi-Matcher Verification System

By using pen-position and pen-movement angle parameters, we
propose a new multi-matcher on-line signature verification sys-
tem. Fig.5 showsa system overview. Pen-position, actually x and
y coordinates and pen-movement angle are separately processed
in verification block. The verification block is common to pro-
cessing of pen-position and pen-movement angle. Fig. 6 describes
the verification block, where pen-information, that is, pen-position
and pen-movement angle parameters are decomposedinto Details
or Approximations and then they are verified with templates using
the adaptive signal processing at each level.

Before verification, templates must be enrolled in order to be
compared with input signatures. As the template, 7' genuine sig-
natures which have equal number of strokes are prepared and then
their pen-position and pen-movement angle parameters are decom-
posed into sub-band signals by the DWT separately. Decomposi-
tion level is decided after examinations of those genuine signa-
tures. Extracted T' Details for the pen-position and T Approxima-
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Fig. 4. Examplesof Approximation in pen-movement angle.

tions for the pen-movement angle are averaged at the same level
each other.

By the way, if the number of strokesin an input signature is
different from that in atemplate, it is natural to consider the input
signature as a forgery. However, not al genuine signatures have
the same number of strokes. We adopt the dynamic programming
(DP) matching to identify the number of strokesin aninput signa-
ture with that in atemplate. The procedure of the stroke matching
isomitted for lack of space. It is described detailedly in [7].

3.4. Verification Using Adaptive Signal Processing

After enrollment phase, verification phase is executed. The veri-
fication is achieved by using the adaptive signal processing. The
purpose of the adaptive signal processing is to reduce the error
between the input signal and the desired signal sample by sam-
ple. When an input signal is of a genuine signature, the error be-
tween the input and its template becomes small; therefore, adap-
tive weights are expected to converge close on 1. Inversely, if the
input signature is aforgery, adaptive weights converge far from 1.
In thisway, the verification can be achieved by examining whether
converged valueis nearly 1 or not [7].

As the adaptive algorithm, we use a new kind of steepest de-
scent algorithm defined as follows.

wi(n +1) = wi(n) + pE [ex(n)px(n)] ©
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Fig. 5. Proposed multi-matcher verification system.
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where I is the number of sampled data in an input Detail or Ap-
proximation. Ny, iSthe number of sampled datain a template.
1 is a step size parameter which controls the convergencein the
adaptive algorithm. The step size parameter is normalized by input
power as shown in Egs.(7) and (8), so that convergenceis aways
guaranteed. ¢ is a positive constant.

The verification is done in al sub-bands in paralel. After
enoughiterationsfor convergence, w«(n) isaveragedin past NV iy
samples and then we obtain the converged value w ;. A verifica-
tion scoreis obtained by fusing several sub-band level results. In
this paper, such sub-band level fusion is achieved by averaging the
converged values.

T 1 xT
Score” = T wi,
d
k=Mg—Lg+1
1
Score” = — w?
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where wg, w? and w} respectively denote the converged values
of X, y and pen-movement angle at level k. L, isthe used level



number in decision fusion of pen-position and L ,, is that of pen-
movement angle.

3.5. Decision Fusion

Asshownin Fig.5, verification results are fused and then we obtain
atota decision. There have been proposed many fusion methods
such asthe sum rule, the minimum score, the maximum score, the
neural networks and so on [1]-[6]. In this paper, we employ the
sum rulein which scoresby pen-position and pen-movement angle
are weighted and then summed. The total decision for verification
isdefined as

TC = ¢, - Score” + ¢, - Score” + ¢, - Score’
Cotcy+co=1, cz >0,cy >0,c0 >0 (10

¢z and ¢, denote the weighting factors for x and y coordinates,
respectively and ¢y is that for pen-movement angle. These are
determined in preliminary examinations. When the TC is greater
than athreshold, an input signatureis decided to be genuine.

4. EXPERIMENTAL RESULTS

Four subjectswere requested to sign their own signaturesand then
we obtained 118 genuine signatures. Five genuine signatures for
each subject were used to make a template and the remaining 98
genuine signatures were used for verification. Five subjects were
required to counterfeit the genuine signature 10 times each, so that
200 forgeries were prepared in total. Daubechies8 was used as a
wavelet function since it was confirmed to be the best by trial and
error in preliminary examinations. Other conditions of simulation
are summarized asfollows.

e Scaling parameter: o, = a,, = 100

o Number of signaturesfor making atemplate: 7' = 5

e Upper limit decomposition level: M*%* =8

e Decompositionlevel in pen-movement angle: M, = 4
e Number of processedlevel: Lg =4, L, = 2

e Step sizeconstant: o = 0.0001

o Number of iterations: 10°

¢ Timeshitin pen-movement angle: s = 8

o Weighting factor: ¢, = 0.4,¢, =0.2,¢c6 =04

Fig. 7 showsthe variation of False Rejection Rate (FRR) and
False Acceptance Rate (FAR) with total decision threshold. In
general, verification performanceis estimated by Equal Error Rate
(EER) where the FRR is egua to the FAR. The EER was about
3.3% when the threshold value was about 0.30. Verification rate
was about 96.7%. Comparing with our conventional on-line sig-
nature verification method in which only pen-positionis processed
[7], the verifiaction performance wasimproved by about 1.7%.

5. CONCLUSION

We have presented a multi-matcher on-line signature verification
system. Both pen-position and pen-movement angle parameters
were decomposed into sub-band signals by the DWT. Moreover,
high frequency sub-bandsignalscalled Detail wereextracted asin-
dividual featuresin pen-positionto enhancethe difference between
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Fig. 7. Variation of FAR and FRR with decision threshold.

agenuine signature and its forgery while low frequency sub-band
signals called Approximation were used for pen-movement angle
to suppressthe intra-class variation of signaturesin oneindividual.
Verification results of pen-position and pen-movement angle were
combined at decision level. We demonstrated that the proposed
multi-matcher scheme improved the performance of the on-line
signature verification systemin the DWT domain.

Though the proposed system requires no additional sensor,
computational complexity becomes twice as much as that of the
conventional system becausethe computational complexity for ver-
ification using the pen-movement angle parameter is equivalent to
that using the conventional pen-position parameter.

To reduce the computational complexity must be studied in
future. Also, verification experiments using large number of sig-
naturesis a problem.
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