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Abstract
A number of vision-based biometric techniques have
been proposed in the past for personal identification.
Our approach is based on visual capturing of signa-
tures. This paper describes a system based on corre-
lation and recursive prediction methods that can track
the signer’s tip of the pen in real time, with sufficient
spatio-temporal resolution and accuracy to enable sig-
nature verification. Several examples and the perfor-

mance of the system are shown.

1 Introduction and Motivation

A number of biometric techniques have been pro-
posed for personal identification in the past. Among
the vision-based ones, we can mention face recogni-
tion [20], [21], [22], fingerprint recognition [5], iris
scanning [3] and retina scanning. Voice recognition
or signature verification are the most widely known
among the non-vision based ones. Signature verifica-
tion requires the use of electronic tablets or digitizers
for on-line capturing and optical scanners for off-line
conversion [19]. These interfaces have the drawback
that they are bulky and complicated to use, increas-
ing the complexity of the whole identification system.
Cameras, on the other hand, are much smaller and
simple to handle, and are becoming ubiquitous in the
current computer environment. This paper presents a
visual interface that can be built using video technol-
ogy and computer vision techniques in order to cap-
ture signatures to be used for personal identification.
This vision-based personal identification system could
be integrated as a component of a complete visual pen-
based computer environment. Some related work can
be found in [2], [10].

Handwriting recognition is still an open problem,
even though it has been extensively studied for many
years. Signature verification is a reduced problem
that still poses a real challenge for researchers. The
literature on signature verification is quite extensive
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(see [9], [8], [15] for very comprehensive surveys) and
shows two main areas of research, off-line and on-line
systems. Off-line systems deal with a static image of
the signature, i.e. the result of the action of signing
while on-line systems work on the dynamic process of
generating the signature, i.e. the action of signing it-
self. The system proposed in this paper falls within
the category of on-line systems since the visual tracker
of handwriting captures the timing information in the
generation of the signature.

Section 2 describes the system. Section 3 presents
the experimental setup and the results of experiments.
The final section summarizes the results and discusses
future work.

2 Overview of the System

Figure 1 shows a block diagram of the system and
the experimental setup. The preprocessing stage per-
forms the initialization of the algorithm, i.e. it finds
the position of the pen on the first frame of the se-
quence and selects the template corresponding to the
pen tip to be tracked. In subsequent frames, the pre-
processing stage performs one function only: it cuts
a piece of image around the predicted position of the
pen tip and feeds it into the next block. The pen tip
tracker has the task of finding the position of the pen
tip on each frame of the sequence. A Kalman filter pre-
dicts the position of the tip in the next frame based on
an estimate of the current position, velocity and accel-
eration of the pen. Finally, the last block of our system
performs signature verification. Section 2.1 describes
in more detail the handwriting acquisition component
of our system and section 2.2 describes the algorithm
used for signature verification.

2.1 Handwriting Acquisition
2.1.1 Initialization.

The first problem to solve is locating the position of
the pen tip in the first image of the sequence and se-



===

Figure 1: (a) Block Diagram of the system. The cam-
era feeds a sequence of images to the preprocessing
stage. This block initializes the algorithm and selects
the template to perform the tracking of the pen tip.
The tip tracker obtains the position of the pen tip in
each image of the sequence. The filter predicts the po-
sition of the pen tip in the next image. Finally, the
last block of our system performs signature verifica-
tion. (b) Experimental setup. The camera is looking
at a person signing on a piece of paper.
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Figure 2: iven the predicted location of the pen tip
in the current frame, the most likely position of the
pen is obtained by finding the place that has mazimum
correlation with the previously stored template of the
pen tip.

lecting the kernel to be tracked. e display a box at a
particular location of the image. The user has to place
the pen tip inside the box and the system automati-
cally grabs the template used to perform tracking.

2.1.2 rac ing the Pen.

The second block of the system has the task of finding
the position of the pen tip in the current frame of the
sequence. The solution of this task is well known in
the optimal signal detection literature. The optimal
detector is a filter matched to the signal (in our case a
segment of the image) and the most likely position of
the pen is given by the best match between the signal
and the optimal detector.

Assuming that the changes in size and orientation
of the pen tip during the sequence are small, the most
likely position of the pen tip in each frame is given
by the location of the maximum of the correlation
between the kernel and the image neighborhood, as
shown in figure 2.

2.1. iltering.

sing the output of the correlation-based tracker, the
filter predicts the position of the pen tip in the next
frame based on an estimate of the position, velocity

and acceleration of the pen tip in the current frame.
This filter improves the performance of the system
since it allows us to reduce the size of the neighbor-
hood used to calculate correlation. The measurements
are acquired faster and the measured tra ectory is
smoother due to the noise re ection of the filter. A
Kalman Filter [1], [ ], [ ] is a suitable recursive esti-
mation scheme for this problem. e assumed a simple
random walk model for the acceleration of the pen tip
on the image plane. The model is given by
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where (t), (t) and a(t) are the two dimensional-
components of the position, velocity and acceleration
of the tracked point, and n () is additive zero-mean,

aussian, white noise. The state of the filter (t)
includes three 2-dimensional variables, (t), (t) and
a(t). This second order model is appropriate to de-
scribe the dynamics of a point ob ect moving on a
plane. The output of the model (t) is the estimated
position of the pen tip.

2.1.
The implementation hardware consists of a video cam-
era, a frame grabber, and a entium II 230 C. The
camera is a commercial Flexcam I , manufactured
by Videolabs, equipped with manual gain control. It
has a resolution of 80x 0 pixels per interlaced im-
age. The frame grabberisa  C200 manufactured by
Imagination. The input camera image is digitized by
the board and even and odd fields of the image are sep-
arated for future processing at 0 Hz and transferred
to memory through the CI bus. All further com-
putations are performed with the C. e achieved a
total processing time of 1 ms per frame.
2.2  ignatur ri cation
e review the algorithms presented in refer-
ences [9], [8], [15] as well as in the work of V. alwa [13]
in order to choose the one suitable for our system. e
decided to explore the performance of ynamic Time
arping ( T ) applied to this problem. This al-
gorithm was initially proposed in the field of Speech
ecognition by Sakoe and Chiba [1 ] and it is de-
scribed in full extent in the book of abiner and
uang [1 ]. In the area of signature verification, Sato
and Kogure [18] used T to align signature shapes,
arizeau and lamondon [1 ] compared the perfor-
mance of T  with regional correlation and skeletal
tree matching for signature verification, Huang and
an [ | applied T to align signature strokes and
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alwa [13] employed a similar dynamic programming
technique to align different characteristic functions of
the signature parameterized along its arc length.

Sato and Kogure [18] proposed touse T  in order
to align the shape of signatures, consisting only of pen
down strokes, after having normalized the data with
respect to translation, rotation, trend and scale. They
further used the result of T in order to compute
the alignment of the pressure function and a measure
of the difference in writing motion. Finally, they per-
form the classification based on the residual distance
between shapes after time alignment, the residual dis-
tance between pressure functions and the distance be-
tween writing motions. arizeau and lamondon [1 ]
evaluated theuse of T for signature verification by
aligning either (), (), (), () ()or ().
In their work, they used the complete signing tra ec-
tories, i.e., pen down and pen up strokes. Huang and

an [ | presented the use of T  for matching sig-
nature strokes by finding a warp path that minimizes
the cost of aligning the shape, velocities and accelera-
tions of the individual strokes at the same time. en
up strokes are considered in the preprocessing phase
of their algorithm, in order to be merged with the pen
down strokes. alwa [13] parameterized the pen down
strokes of the signature along its arc length and then
compute a number of characteristic functions such as
coordinates of the center of mass, torque, and mo-
ments of inertia using a sliding computational window
and a moving coordinate frame. He performed a si-
multaneously dynamic warping over arc length of all
these characteristic functions for the two signatures
under comparison. A measure of the similarity of the
signatures is used for classification.

Our implementation of T  for signature verifica-
tion attempts to perform the best time alignment of
the 2 shape of the signatures, i.e., we find the time
warping function that has the minimum cost of align-
ing the planar curves that represent signatures. The
visual tracker does not have the capability of detecting
the positions in which the pen is up and not writing, so
we used the full signing tra ectory in our experiments.

e note that the pen up strokes drawn by each sub ect
were as consistent as the pen down strokes. This ob-
servation agrees with the belief [9] that signatures are
produced as a ballistic or re ex action, without any
visual feedback involved. e do not perform any type
of normalization on the signatures since we consider
that users are very consistent on their style of signing,
they write their signatures with a similar slant, in a
similar amount of time, with similar dimensions and
with a similar motion. As presented, our implementa-

tion of the T  algorithm for signature verification
is different from all the mentioned previous work al-
though it shares with them some characteristics. For
an extensive description of our implementation of the

T  seereference [12]. Figure 3 shows an example of
dynamic time warping applied to align the 2 shape
of two signatures.
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Figure 3: Ezample of dynamic time warping applied
to align the D shape of two realizations of the same
signature. The first column shows () before and af-
ter time warping, the second column shows () before
and after alignment. The upper plot of the third col-
umn shows the two examples of the signature. The
lower plot of the third column shows the optimal time
alignment path compared with o linear time alignment
path. e note that the alignment is quite good re-
gardless of the di erences in the shapes of () and

(). The remaining mismatch between these signals
accounts for the di erences in shape of the signatures.

eriments

The performance of our tracking system has been
presented in references [11], [10] and some preliminary
results on the topic of this paper have been described
in reference [12]. e focus our experiments on the
evaluation of the performance of the visually-based
automatic personal identification.

e collected signatures from 3 sub ects. ach of
them was asked to provide 25 signatures, 10 of them to
be used as the training set and the other 15 to be used
as the test set. e also asked the signers to provide
5 quasi-random forgeries (some piece of handwriting
that has similar writing pattern as the genuine signa-
ture and it is written by the same sub ect) as the ones
shown in figure The data was collected in three
sessions that took place in different days in order to
get a sample of the variability of the sub ect s signa-
tures while avoiding the distortion produced by the
boredom of the repetitive task of signing. e should
point out that the camera was not placed at a fixed
position and height, it was changed from sub ect to
sub ect and from session to session.



The test set allows us to evaluate the Type I error
(or False eection ate (F )). e did not collect
any real forgery so we used all the signatures from the
other sub ects as random forgeries in order to obtain
the Type II error (or False Acceptance ate (FA )).

As shown in our previous work [11], we are able to
track the pen tip in conditions of normal cursive or
printed handwriting and drawings. However, in the
case of signatures, we observe that the system occa-
sionally loses track of the pen tip when the sub ect
produces an extremely fast stroke. This problem of
losing track of the pen tip could be solved in the fu-
ture by using a more powerful machine or dedicated
hardware. However, after a few trials, the user learns
how to utilize the system without driving it to its lim-
its.

.1 raining.

uring training the system must learn a representa-
tion of the training set that will yield minimum gener-
alization error. The dynamic time warping algorithm
provides the optimal alignment of two signatures, so
we could compute the mean signature of these two
along the warping path. This mean signature would
provide a more robust representative for the class since
the inherent noise in capturing the signatures will be
averaged. In the case in which there are more than
two examples in the training set, there is no clear way
of defining the mean signature. In principle, one could
think of performing the simultaneous alignment of all
the examples at the same time, working on an -
dimensional tensor instead of a matrix. The disad-
vantage of this approach is that it is di cult to define
the elementary cost of the arc oining two nodes of this
tensor. e propose a sub-optimal training procedure.

e perform only pairwise alignment in order to find
all the pairwise mean signatures out of all the possible
pairs of elements in the training set. The mean sig-
nature that yields minimum alignment cost with all
the remaining signatures in the training set is the one
that represents the training set. The individual costs
of aligning each of the signatures in the training set
with this reference signature are collected in order to
estimate the statistics of the alignment process. This
statistics are subsequently used for classification. In
figure we show several examples of signatures col-
lected for our database, their corresponding training
reference and one of the random forgeries provided by
the same sub ect.

e evaluated two schemes in which we perform
time alignment of the 2 shape of the signature. In
one of them, we align the raw data and in the other,
we align the signatures after having rotated them so
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Figure Several examples of signatures in our
database. On the first row we display signatures
captured with the visual tracker, on the second row
we show the corresponding reference signature of the
training set and on the third row we display the quasi-
random forgeries provided by the sub ects.

that their main axis coincide with the horizontal axis.

.2 sting.

As we stated before, we used a test set of 15 signa-
tures for computing the F and all the other signa-
tures from other sub ects for computing the FA | both
of them as a function of the classification threshold.
Clearly, we can trade off one type of error for the other
type of error. As an extreme example, if we accept ev-
ery signature, we will have a 0 of F and a 100
of FA | and if we re ect every signature,we will have
al1l00 of F and a 0 of FA . The simplest char-
acterization of the FA -F  tradeoff is given by the
equal error rate, i.e., the error rate at which the per-
centage of false accepts equal the percentage of false
re ects. This equal error rate provides an estimate of
the statistical performance of the algorithm, i.e., it
provides an estimate of its generalization error. e
calculate the value of the equal error rate by inter-
secting the FA  and F curves that we computed,
considering them to be piecewise linear.

In figure 5 we plot the value of the equal error rate
for all the signers, for the two schemes under test. e
observe that the best performance is obtained for the
case of the rotated signatures. e note that there are
four signatures for which the equal error rate bigger
than 5 in the best performance case. This accounts
in our present experimental setting for having one or
two signatures being falsely re ected. In figure we
show one of the original signatures, the reference sig-
nature, the signature that is falsely re ected and one of
the falsely accepted signatures for each of these worst



performance cases.
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Figure 5: alue of the equal error rate for each of the
sub ects. The first plot corresponds to time of the D
shape of the signatures and the second plot corresponds
to time alignment of the D shape of the signatures,
having previously rotated them so that their main axis
coincides with the horizontal axis.

Table 1 summarizes the results shown in figure 5 for
the best case, i.e., the one corresponding to the align-
ment of the 2 rotated shape of the signatures. There
is a noticeable difference between the numbers on ta-
ble 1 and the values plotted on figure 5. The difference
is due to the fact that in figure 5 we plot the value of
equal error rate, that was computed as the intersec-
tion of the FA and F curves and corresponds to
an estimate of the performance of the algorithm in av-
erage, while in table 1 we show the values of FA and
F  that correspond to a particular realization of the
performance of the algorithm given by our test set. In
table 2, we present the number of signatures falsely
re ected and falsely accepted, as well as the F and
FA for the condition of FA 1 e note the
mentioned trade off between F and FA compar-
ing the results shown in these tables. In a verification
system used for credit card transactions, it is very rea-
sonable to operate with FA 1 since accepting a
false signature could cause a substantial financial loss
while re ecting a true signature could produce a little
annoyance in the customer that would have to repeat
the signature. For this case, the algorithm has an av-
erage I of 2.85 e should note that the overall
performance of the algorithm is quite good, with error
rates comparable to the best presented in the litera-
ture [ ], [13], [1 ], [18] under similar conditions.

onc usions and urther or

e have presented the performance of a vision-
based technique for personal identification. The sys-
tem does not require any special hardware, unlike fin-
gerprint verification, iris or retina scanning systems.
It is comparable to face recognition systems in terms
of hardware since it uses a camera for tracking the
signature. e demonstrated the feasibility of having
such a system working in real time with a high degree
of accuracy in verifying signatures.
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Figure : The cases in which the algorithm has biggest
error. The first row shows signatures in the training
set, the second row shows the reference signatures, the
third row shows the signatures that were falsely re ected
and, the last row shows signatures that were falsely
accepted.

Table 1:  erformance of the algorithm.

e consider important to increase the robustness
of the signature verification algorithm by adding some
global parameterization of the signatures that will al-



Table 2:  erformance of the algorithm for FA

low the system to discard coarse forgeries. The dy-
namic time warping algorithm could be improved by
using different constraints or even using continuous
time warping. e would also like to explore ways of
training the system by aligning all the signatures at
the same time, so that the resulting mean signature
will be a more robust representative of its class.

e note that the user would need some minimal
training in order to master the system. hen the sig-
natures have extremely fast strokes, the system loses
track of the pen tip. e asked the users to slow down
a bit the motion of these strokes so that the tracker
could acquire the signature. e believe that the use
of a more powerful machine or the implementation of
our tracking algorithm in hardware using F A s will
eliminate this problem, allowing users to sign at nor-
mal speed.
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