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Abstract. We present a method for finding the stability regions within
a set of genuine signatures and for selecting the most suitable one to be
used for online signature verification. The definition of stability region
builds upon motor learning and adaptation in handwriting generation,
while their selection exploits both their ability to model signing habits
and their effectiveness in capturing distinctive features. The stability
regions represent the core of a signature verification system whose per-
formance is evaluated on a standard benchmark.

Keywords: online signature verification, stability region, handwriting
generation, motor learning.

1 Introduction

Handwritten signatures are an interesting biometric characteristic, since they
are largely used and accepted in daily life as proof of one individual’s identity.

As any handwriting, they are obtained by concatenating elementary move-
ments, or strokes, in such a way that their execution requests the minimum
amount of metabolic energy. Such an optimization is learned along the years by
repeated practice, so that signing becomes automated and can be performed,
at least partially, without any proprioceptive feedback, as it was an elementary
movement. When the signature has been completely learned, i.e. it becomes a
distinctive feature of the subject, it is stored in the brain as a motor plan that
incorporates both the sequence of target points, i.e. the points where two succes-
sive strokes join, and the sequence of motor command to be executed to draw the
desired shape between them [1]. The encoding of such a motor plan, moreover,
is independent of the actuator [2].

According to those findings, multiple executions of the signature by the sub-
ject may produce ink traces with different shapes only because of variations on
both the psychophysical conditions of the subject and the signing conditions,
since the motor plan remains the same [3,4]. It is also expected, however, that
the variations in the signing conditions mentioned above may affect only some
of the signature features, but not all of them. For this reason, one of the aspects
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around which is centered the research activity in the field of signature verifi-
cation is the detection of stability regions, which are the traits of ink that are
shared by different executions of the signature.

Signature stability can be estimated directly from the signature signal or
indirectly on the set of features used for representing the signature [3]. Among
the methods for directly estimating on-line signature stability, those using DTW
to derive a local stability function [5,6], are the most similar to the one presented
in this paper, in that the analysis of local stability is used to select the best subset
of reference signatures.

In this work we present a method for the detection of stability regions in online
signatures. The proposed method assumes as stability regions the longest com-
mon sequences of similar strokes between pairs of signatures. This assumption
follows from the observation that, as discussed above, signing is the automated
execution of a well-learned motor task, and therefore repeated executions should
produce, at least ideally, the same movements and therefore ink traces with the
same shapes. Because of the variations in the signing conditions, it happens that
the ink traces are different, but because they results from the execution of the
same motor plan, and because the effects of different initial conditions in sign-
ing attenuate quickly during writing, it is expected that only short sequences of
strokes will exhibit different shapes. The longer the sequence of similar strokes
the longer the time during which the same motor program is executed under the
same conditions.

Once the stability regions of the genuine signatures have been found, the
classification of a questioned signature as either genuine or forged is achieved
by evaluating the longest common sequence of similar strokes between the ink
trace of the questioned and those of the genuine containing the selected stability
regions.

The remaining of the paper is organized as it follows. In section 2 we illus-
trate the method for finding the stability regions between a pair of signatures,
and discuss how they can be used for selecting the reference signatures. The
selected reference signatures and their associated stability regions are then used
in a signature verification experiment reported in section 3. Eventually, in the
conclusion we discuss the performance achieved by the proposed method and
outline our future research.

2 Modeling Stability in Signatures

In a previous work we have introduced an earlier version of our method for
finding stability regions between two signatures [7]. Here we introduce a new
version of the method, that takes in account the existing correlation between
consecutive strokes, and an alternative criterion for finding stability regions in
a set of N signatures.
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2.1 Searching for Stability Regions between Two Signatures

The proposed method assumes that the signature signal has been segmented
into a sequence of strokes, each of which has been label as ascender, descender
or normal, and the detection of the stability regions is achieved by an ink matcher
that finds the longest common sequences of strokes with similar shapes between
the ink traces of a pair of signatures. For deciding when two sequences are similar
enough, i.e. when they match, the method exploits the concept of saliency that
has been proposed to account for attentional gaze shift in primate visual system
[8]. Accordingly, sequence of strokes that are ”globally” more similar than other
will stand out in the saliency map.

To implement such an approach one needs to define a scale space, to find a
similarity measure to be adopted at each scale, to compute the saliency map,
and eventually to select the matching pieces of ink. We have adopted as scale
the number of strokes in the sequences whose similarity is being measured. Such
a number will be referred in the following as the length of the sequence. Let us
assume that the two sequences have N and M strokes, respectively. The number
of scales corresponds to the length K ≤ min(N,M) of the longest common se-
quence of strokes. Note that the inequality sign holds because we assume that
ascenders and descenders can match only themselves, not normal strokes. Thus,
K represents the length of the longest common sequence of compatible strokes,
i.e. strokes that can be matched. Successive scales are obtained considering se-
quences made of k = K,K − 1, ..., 2 strokes [9]. As similarity measure, we adopt
the Weighted Edit Distance (WED), which measures the shape similarity be-
tween pair of strokes [10]. The shape similarity of a sequence is obtained by
adding the WED of its strokes. After the shape similarity is evaluated at each
scale, we compute its saliency as it follows. At each scale k, the most similar
pair of sequence is selected and the saliency Sk

ij of all its strokes is computed as

Sk
ij = WEDij/k. Thus, the saliency map for a pair of inks made of N and M

strokes, respectively, assumes the shape of an NxM array, whose elements are
either 0, in case of incompatible strokes, or

∑
K Sk

ij . The saliency map is then

thresholded, and the longest diagonal sequences of values Sk
ij greater than the

threshold Sth are selected and they are named invariants.
As previously said, an ink trace is the result of a complex motor task that

can be decomposed in elementary movements. It is important to point out that
each stroke is not independent by the others but it is affected by the movements
realized before it and by those that will be realized after it. It means that an-
other parameter is needed to describing globally a strokes sequence and giving a
reliability measure of the similarity evaluated before. For this purpose, given an
invariant that goes from stroke T1 to stroke T2, we introduce another parameter
named compatibility:

C =

T2∑

t=T1

WEDt ∗ βt (1)

where βt takes into account the difference of slope variation between two
consecutive strokes in the reference and in the query signature.
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Fig. 1. The segmentation points (dots) and the stability regions (bold) of two
signatures

Therefore, the invariants with a compatibility greater than a threshold Cth

are the stability regions between pair of signatures, as shown in (Fig. 1)

2.2 Searching for Stability Regions in a Set of N Signatures

In way of principle, one would expect that the stability regions appear in all
the signatures of a subject, and therefore would define the stability regions of a
set of N signatures as the longest common subsequences of the stability regions
computed for every available pair of signatures. In practice, however, both the
stroke segmentation and the ink matching may introduce errors in locating the
segmentation points and/or in deciding when a sequence of strokes is similar to
another, that may produce different stability regions for the set of signatures.
For all these reasons, we must define how many and which are the most repre-
sentatives signatures, hereinafter called references, of a given data set. As with
regards to the number of references, we restrict our investigation to 2 and 3,
because this is the number of genuine signatures generally available in real life
applications. Therefore, given a set of N signatures we have

(
N
2

)
and

(
N
3

)
subsets

of signatures respectively, and we need to find the most representative ones.
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According to our basic assumption, longer stability regions correspond to
longer sequence of elementary movements executed in a highly automated fash-
ion. Because the level of automation is the result of the learning process described
above, and because the learning is an individual feature, long stability regions are
more subject-specific than short ones. Accordingly, we can select as references
the signatures corresponding to the longest stability regions.

Another suitable criterion is to select as references the signatures that mini-
mize the equal error rate on a verification experiment performed on the training
set composed by genuine and forgery samples.

3 Experimental Validation

The detection of the stability regions and its effectiveness in a verification
problem can be modulated by choosing the thresholds Sth and Cth of the ink
matcher stage and the number of references. A set of experiments has therefore
been executed for evaluating the effect of the value of those parameters on the
performance.

3.1 The Datasets

The performance of the proposed method has been evaluated on the signatures
of SVC2004 database [11] and on the signatures of the Blind subcorpus of the
SUSIG database [12]. The first contains 20 genuine and 20 forgery signatures for
each of 100 subjects, for a total of 40,000 specimen divided in training set, which
is publicly available, and test sets that is not available. The second database con-
tains 10 genuine and 10 forgery signatures for each of 60 subjects. The protocol
proposed during the First International Signature Verification Competition [11]
has been adopted during the test:

1. Skilled forgery detection: For each subject the genuine signatures are ran-
domly divided in two disjoined subsets: 5 samples are used together with
5 forgery signature as training set, the remaining are added to the set of
forgery signatures and used as test set.

2. Random forgery detection: the training set is built as before, whereas the
test set includes as forgery 20 genuine signatures produced by 20 different
subjects.

3.2 The Classification Rule

In this work we are interested in presenting and evaluating the method for the
detection of the stability regions by means of a signature verification experiment.
For this reason, we use a simple classification rule for showing that the obtained
results mainly depend on the selection of the stability regions and not on the
classification scheme. Each signature of the training set, either genuine or not,
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is mapped in a N dimensional space Γ , where N is the number of references,
and whose dimensions are:

ri =
Lm(f, refi)

Ls(refi)
i = 1, ..., N (2)

In equation 2, Lm is the length of the longest common sequence of strokes
between the signature under verification f and the reference refi and Ls is the
length of the stability region found in refi. Each ri ranges between 0 and 1.
For the sake of clarity, let’s consider the case N = 2. In such a case, Γ assumes
the shape of a square, whose vertices are (0,0), (0,1), (1,0) and (1,1). In such a
space, genuine signatures should have a (long) match with the stability regions
of both references, and therefore should be represented by points close to the
vertex of coordinates (1,1). On the contrary, forged signatures should not have
a (long) match with any of the stability regions of the references, and therefore
should be represented by points near to the vertex of coordinates (0,0). Thus, it
is possible to find two thresholds, Tg and Tf , by maximizing both the number of
genuine signatures correctly classified whose distances from the vertex (1,1) is
smaller than Tg, and the number of forgery correctly classified whose distances
from the vertex (0,0) is smaller than Tf , as shown in figure 2. Then, the selected
references and the value of Tg and Tf model the signing habit of the subject with
respect to a given population of writers. The verification is eventually achieved
by mapping the signatures under verification in Γ as above, and by computing
the distances df and dg between the point representing the signature and the
two vertices (0,0) and (1,1), respectively. The decision criterion follows naturally
from above:

if [(df >= Tf) AND (dg >= Tg) AND (df - Tf) < (dg - Tg)] OR

[(df < Tf) AND (dg >= Tg)] then

forgery;

if [(df >= Tf) AND (dg >= Tg) AND (df - Tf) >= (dg - Tg)] OR

[(df >= Tf) AND (dg < Tg)] then

genuine;

if [(df < Tf) AND (dg < Tg)] then

if [(df - Tf) < (dg - Tg)] then

forgery;

else

genuine;

3.3 Results

The classification rules are applied for different values of Sth and Cth in four
different conditions:

1. ref2 H0: 2 genuine signatures with the longest stability region are selected
as references by the training set;
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Fig. 2. The signatures from the training set and the decision region for genuine and
forgery

2. ref2 H1: 2 genuine signatures that minimize the EER on the training set are
selected as references;

3. ref3 H0: 3 genuine signatures with the longest stability region are selected
as references by the training set;

4. ref3 H1: 3 genuine signatures that minimize the EER on the training set are
selected as references.

In the experiments, Sth and Cth were chosen by using a grid search with Sth =
(0.70 ÷ 1.0) and Cth = (0.40 ÷ 0.80). In the figures 3 and 4 we plot EERavg

as function of Cth for Sth = 0.9 in case when the test set includes skilled and
random forgeries, respectively. The best results on the SVC2004 database were
obtained using Sth = 0.9, Cth = 0.75 and selecting as references the two genuine
signatures that minimize the EER on the training set. The test executed on the
SUSig dataset confirmed that the best performance was obtained by selecting
the references as above, whereas the best values for the parameters of the ink
matcher stage were Sth = 0.9 and Cth = 0.5. In this case, a smaller value of
compatibility is required because the signatures are shorter and segmented in a
smaller number of strokes than the samples of the SVC2004 database and then
shorter stability regions are obtained. Table 1 reports the performance of our
method in its best configuration in comparison with those participating in the
SVC2004 benchmark.

4 Conclusions

We have presented a model for describing the signature of a subject centered
upon the concept of the stability regions. In particular, we have discussed about
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Fig. 3. Trials performed on the test set composed by genuine and skilled forgery sig-
natures. EERavg values are obtained with different scheme of references selection and
different values of ink matching threshold Sth Cth.

Fig. 4. Trials performed on the test set composed by genuine and random forgery
signatures. EERavg values are obtained with different scheme of references selection
and different values of ink matching threshold Sth Cth.
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Table 1. Results on SVC2004 database

Team ID
skilled forgeries random forgeries

EERavg EERsd EERavg EERsd

106 5.50% 7.73% 3.65% 4.80%
126 6.45% 10.41% 3.49% 4.53%
124 7.33% 7.71% 2.93% 3.72%
115 9.80% 13.90% 2.90% 3.60%

Our method 10.94% 2.97% 4.68% 2.38%
114 11.10% 11.11% 3.36% 4.36%
119c 11.98% 17.65% 2.87% 3.68%
119b 11.99% 17.66% 2.88% 3.68%
118 14.34% 16.11% 4.29% 5.45%
119a 14.91% 18.98% 2.90% 3.64%
116 15.67% 13.24% 2.89% 3.64%
117 16.45% 11.79% 4.66% 5.22%
104 18.99% 13.95% 11.57% 13.28%
103 25.83% 22.11% 6.58% 9.20%
112 31.32% 18.09% 11.67% 9.58%

how to select a limited number of signatures by a given set of N genuine sig-
natures for finding the most robust stability regions for a subject. We have
evaluated the effectiveness of the proposed definition of stability by performing
a signature verification experiment based on a standard protocol and using two
standard datasets of online signatures.

The results in Table 1 show that our method ranks 5th in terms of EERavg,
but it is the top performing one in terms of SDavg. These results confirm the
ability of our stability regions to capture the distinctive aspects of signatures
and suggest that, despite the simple classification rule, they are a viable tool for
implementing a good performing system for automatic signature verification.

Our future research will focus on adopting more sophisticated classification
schemes to improve the system performance, on investigating the behavior of
stability regions in case of disguised writers, and on measuring the performance
of the proposed method in such a case and when only genuine signatures are
available for training.
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