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Abstract

The variation of dynamic signatures with time is anal-
ysed for the first time using the Kinematic Theory, following
a general, consistent and fully reproducible protocol. Ex-
periments are carried out on a new long-term database cap-
tured in 6 sessions uniformly distributed over a 15 month
time span, under almost identical conditions. Signatures
are represented with the Sigma Log-Normal model, which
takes into account the effects of body ageing closely related
to handwriting, such as neuromuscular response times. Af-
ter studying the evolution of signatures with time, an analy-
sis on age groups based on the model parameters is carried
out.

1. Introduction

As any novel field of research, most efforts in the biomet-
ric community (which includes researchers, vendors, eval-
uators, etc.) have been focused on improving the perfor-
mance of the recognition systems, so that lower error rates
are achieved. As a consequence, other important related as-
pects such as the performance degradation effect known as
ageing have been frequently overlooked. In order to make
biometric recognition systems more reliable and advance in
the development of this rapidly emerging technology, some
efforts need to be directed towards this topic.

The term ageing is generally used to refer to the gradual
decrease in a system performance caused by the changes
suffered by the users’ trait in the long-term (which cannot be
avoided as is inherent to human nature) [8]. This accounts
for part of the intra-user variability (i.e., variability within
the samples of the same user): a subject’s signature may
considerably differ from the enrolled one after a sufficiently

long period. This results in lower similarity scores and as a
consequence an increase in the system error rates.

The present work addresses the problem of the variation
of signatures with time from a novel perspective and studies
the potential of this new approach for the study of signatures
belonging to different age groups.

The first task of the design of a biometric recognition
system is choosing features that will be used to model the
biometric trait, in the present case, signatures. Most sig-
nature parametrizations are based on either global features,
such as average speed, total duration or number of pen-ups
[9, 11], or time signals in general derived from the coordi-
nate x y or pressure functions given by most current on-line
acquisition devices [5, 7, 10]. Another recent and novel ap-
proach is based on the Kinematic Theory of rapid human
movements: on the one hand, single handwriting strokes
can be characterized with a Delta-Lognormal model [1];
on the other hand, on-line signatures can be represented
as a sequence of strokes (i.e., a summation of log-normal
curves) [12]. The main advantage of this model is that it
takes into account physical body features such as the neu-
romuscular system responsible for the production of a sig-
nature, as it has been proved on previous works linking this
theory to neuromuscular disorders diagnosis [13] or stroke
risk factors prediction [14]. Since ageing in signatures ul-
timately comes from ageing of the neuromuscular system,
this parametrization is specially suited for the problems ad-
dressed in the present study.

Some related works on signature variability and the
study of ageing in handwritten signatures have been already
published [3, 6]. Furthermore, the Kinematic Theory of
rapid human movements has already been used to study dif-
ferent handwritten tasks. In [2], the variability observed in
handwriting patterns for a single word with a fixed num-
ber of strokes is analysed based on the Sigma-Lognormal



model. This model integrates in its parameters some control
motor knowledge. Since ageing affects the neuromuscular
system of individuals, it is reasonable to assure that its effect
may produce changes on the signatures Log-Normal param-
eters. Furthermore, the problem posed by ageing was stud-
ied for single strokes characterized by the Delta-Lognormal
Model in [16]. Taking into account these works and com-
bining the methodologies followed in each of them, in the
present article we carry out the first study on how the age-
ing of the neuromuscular system affects signatures (multi-
ple stroke tasks).

In addition, using this modelling approach, the differ-
ences between two age groups are also analysed using the
Sigma Log-Normal parameters. After studying the evolu-
tion of signatures across time, Sigma Log-Normal parame-
ters between two different age groups (i.e., elders, young-
sters) are compared, in order to explore the potential of
these features as a way to estimate the user’s age.

All the experiments are carried out on a new dynamic
signature database: the Signature 15M-Term dataset. It
comprises signatures of the 29 common users of two multi-
modal and publicly available databases: the BiosecurID DB
[4] and the Biosecure DB [15], which were captured in 6
uniformly distributed acquisition sessions over 15 months.

The rest of the article is structured as follows. In Sect. 2,
a brief introduction to the Sigma Log-Normal model for on-
line signature representation is presented. Then, the ex-
perimental protocol followed in the experiments and the
database used are presented in Sect. 3. Results are given
in Sect. 4 and final conclusions are drawn in Sect. 5.

2. Overview of the Sigma-Lognormal Model
The Sigma-Lognormal model was first applied to on-

line signatures in [12]. As a high level representation of
the models supported by the Kinematic Theory, it considers
single strokes as primitives from which complex patterns
are built. Each primitive has a lognormal velocity profile
and a complex pattern is produced by summing up strokes,
which results in:

v⃗(t) =
N∑
i=1

v⃗i(t) with L ≥ 2

where N represents the number of strokes involved in the
generation of a given pattern and v⃗i(t) is the velocity profile
of the i-th stroke.

Each curved stroke is modelled by a Sigma-Lognormal,
which reflects both the motor control process and the neu-
romuscular response. It is represented by a feature vector
representing the parameters of the model:

Pi = (t0i, Di, θdi, θfi, µi, σi)

where t0i is the starting time of the stroke, Di its length, θid
the starting direction angle, θfi the ending direction angle,

µi the logtime delay and σi the logresponse time. These
last two parameters characterize the lognormal impulse re-
sponse of the neuromuscular system.

The Sigma Log-Normal model establishes the theoret-
ical ideal representation of the signature. The variations
between this ideal model (v⃗(t) and the actual behaviour of
a signature (v⃗r(t)) may be measured in terms of the SNR,
defined over the velocity signals as

SNR =

20 log

( ∫ te
ts
[v2

x(t)−v2
y(t)]dt∫ te

ts
[(vx(t)−vx r(t))2+(vy(t)−vy r(t))2]dt

)
A low SNR denotes problems in the motor control system
and can have a potential use in the early detection of certain
decreases related to ageing [16].

3. Database and Experimental Protocol
3.1. The OnLine Signature 15MTerm Database

The dataset used in the experiments comprises the on-
line signature data of the 29 users shared by the BiosecurID
and the Biosecure databases, which were acquired in a 15
month time span. Both databases are fully compatible in
terms of the acquisition scenario, protocol and capturing de-
vice used (Wacom Intuos 3 pen tablet). This way, we may
discard acquisition-related external factors as the cause of
possible changes in a user’s signature.

• The BiosecurID Signature Subset [4]. It comprises 16
original signatures and 12 skilled forgeries per user,
captured in 4 separate acquisition sessions (named
here BID1, BID2, BID3 and BID4). The sessions were
captured leaving a two month interval between them,
in a controlled and supervised office-like scenario.

• The Biosecure Signature Subset [15]. This dataset
was captured 6 months after the BiosecurID acquisi-
tion campaign had finished. It comprises 30 origi-
nal signatures per user, and 20 skilled forgeries, dis-
tributed in two acquisition sessions separated three
months (named here Bure1 and Bure2). The 15 orig-
inal samples corresponding to each session were cap-
tured in three groups of 5 consecutive signatures with
an interval of around 15 minutes between groups.

For the final dataset used in the present work only the
original signatures were considered, this way it comprises
1,334 signatures coming from the 29 common users of the
two databases with 46 samples per user (16 from Biose-
curID, and the remaining 30 from Biosecure) which are dis-
tributed in 6 sessions (BID1-2-3-4 and Bure1-2). It consti-
tutes the first signature dataset where we can track over a
15 month time span the signature of a given user (as there
are 6 almost uniformly distributed acquisition sessions in



this interval). Given the limited number of users and the
short acquisition time span of the database, the results here
presented show a preliminary general trend. However, the
Longterm database is the most adequate to the task at hand
to the best of our knowledge.

3.2. Signature Evolution with Time: Protocol

In order to analyse the evolution of the signature param-
eters across time, several steps are taken.

Feature extraction. The first task of the experiments
is computing the Sigma Log-Normal model parameters of
each signatures of the database.

Normalization. As stated in [2], the parameters that
describe each stroke can be broadly divided into two cat-
egories: control (t0i, Di, θdi, θfi), related to the motor con-
trol system, and peripheral (µi, σi), related to the impulse
response of the neuromuscular system reacting to the com-
mands generated by the controller. Both sets of parameters
might be affected in different ways by the ageing of the hu-
man body, and therefore require a different treatment.

Since each signature of each individual has a varying
number of strokes, N , a given signature will be represented
by a N × 6 matrix. Therefore, an additional parameter will
be studied: the number of strokes, N .

In order to study the variability of each of the 6 parame-
ters of the Sigma Log-Normal model, we normalise the pa-
rameters according to the transformations proposed in [2]:

Di → Di

Dmax

θdi → θdi − θd1

θfi → θfi − θd1

t0i → t0i − t01

µi → µ̄ =

Njk∑
i=1

µi

σi → σ̄ =

Njk∑
i=1

σi

where Dmax = max{Di} and i = 1, . . . , Njk. This way,
control parameters result in sequences normalised by the
initial or maximum value of the original sequence, so that
different scales or orientations of signatures do not affect the
parameters. On the other hand, peripheral parameters, re-
lated to neuromuscular responses, are reduced to their mean
values: as we want to analyse the variations of the neuro-
muscular responses in the whole signature, not in each sin-
gle stroke.

For the experimental analysis we will consider ∆t0i in-
stead of t0i, defined as the difference between the starting
time of two consecutive strokes, i.e., ∆t0i = t0i+1 − t0i.
This derived feature is more consistent for each signer than

t0i and gives very valuable information about how much
time in advance the signer plans the execution of each of
the strokes.

Statistical measures. In order to show the evolution of
the signatures with time, we will analyse statistical differ-
ences between acquisition sessions. These variations will be
measured in terms of their medians and 25th and 75th per-
centiles, so that two different questions may be answered:
i) do the parameters (their medians) change with time?, and
ii) does the range of variability of each parameter (its per-
centiles) remain constant, or, on the contrary, increase or
decrease?

In order to compute those statistical differences, we take
the average of each parameter of a given subject’s signatures
belonging to one session. Then, the differences across ses-
sions are computed subtracting the averaged values. That
is, when computing the difference between sessions j and
k, we average all the signatures belonging to session j, lead-
ing to a vector of the averaged parameters Pj , then average
the signatures belonging to session k, leading to a second
vector Pk, and finally compute Pjk = Pj − Pk.

3.3. Age Group Analysis: Protocol

In this case, the goal of the experiments is to determine
if there exists a correlation between the value of the Sigma
Log-Normal parameters and the age of the signer. For this
purpose, results based on the same parametrized features as
well as the Signal to Noise Ratio (SNR) are represented by
their distributions, so that differences between the two age
groups compared are more clearly shown.

4. Experiments and Results
So far, only one signature-related study focused on age-

ing has been carried out in the literature [16]. However, this
very valuable work was performed on a single stroke task
and the analysis was based on the Delta-Lognormal model.
The study compared single strokes from two groups: young
(mean:27.5 years old) and aged (mean: 66.9 years old). It
was shown that for the elder group t0 were longer, D were
smaller, µ and σ1 were larger, and σ2 smaller. This was ob-
served for a 40 years age difference under a very controlled
experiment. In other words, previous results indicate that,
as we get older, we have a tendency to protect ourselves by
planning slower and smaller movements, minimizing abrupt
changes.

In the present work, we try to extend those results to
handwritten signatures; that is, multiple stroke tasks mod-
elled with Sigma Log-Normals as presented in Sects. 3.2
and 3.3. The experiments have two main objectives: i) anal-
yse the effects of time on the Sigma Log-Normal parameters
of the handwritten signature, and ii) study the differences
between signatures of different age groups in terms of their
Sigma Log-Normal parametrizations.
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Figure 1. Boxplot of the differences between session 1 (BID1) and sessions 2 (BID2) to 6 (Bure2) for each parameter (D, t0, µ, σ, θd, θf )
and for the number of strokes (N ).

4.1. Signature Evolution with Time

In the first set of experiments, we use the On-Line Sig-
nature 15M-Term database. As explained in Sect. 3.1, it
comprises 29 users with 6 sessions per user. Therefore, we
will have five different sets of results for each parameter,
each of them with 29 values per parameter:

1. BID2 - BID1: time difference of two months.

2. BID3 - BID1: time difference of four months.

3. BID4 - BID1: time difference of six months.

4. Bure1 - BID1: time difference of twelve months.

5. Bure2 - BID1: time difference of fifteen months.

In Fig. 1, boxplots of the differences between sessions
are depicted. On each box, the central mark is the median,
the edges of the box are the 25th and 75th percentiles and
the whiskers extend to the most extreme data points consid-
ered.

As it can be observed, the number of strokes N shows an
upward trend and the difference between starting times ∆t0

a downward trend, as we should expect: as we get older,
we tend to plan smaller movements (here, shorter strokes).
However, we try to preserve the overall signature, therefore
needing a higher number of movements or strokes.

On the other hand, on several parameters, like µ, val-
ues tend to increase within each of the databases: BID and
Bure. That variability may be therefore attributed more to
boredness or loss of interest from the user than to ageing: in
the first sessions, subjects show more interest on the task at
hand (signing several times) than on the last ones.

4.2. Age Group Analysis

Our aim now is to compare the signatures of subjects of
considerably different ages and to study the potential use of
the Sigma Log-Normal parameters to estimate the signers’
age. For this purpose, in the BioSecure database [15], we
isolate two different groups of similar sizes out of its 210
users, with a significant age difference between them:

• Subjects between 18 and 21 years: 28 subjects. Mean:
20.0 years old.
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Figure 2. Distributions of the age groups (young and elder) for each parameter (D, t0, µ, σ, θd, θf ), for the number of strokes (N ) and for
the Signal to Noise Ratio (SNR).

• Subjects between 59 and 72: 23 subjects. Mean: 63.7
years old.

Now, we have only two sets to compare, with 28× 30 =
840 observations per Sigma Log-Normal parameter for the
younger group and 23× 30 = 690 for the elder group.

In Fig. 2, we can see the distributions of each Sigma Log-
Normal parameter (D, ∆t0, µ, σ, θd, θf ) as well as the num-
ber of strokes (N ), the Signal to Noise Ratio (SNR) and the
ratio between the SNR and the number of strokes (SNR/N )
for both age groups: youngsters in black and elders in light
grey. Several observations can be made:

• As expected, θd and θf distributions do not differ
greatly: they represent the starting and ending direc-
tion angles of each stroke. Therefore, if the signature’s
shape remains more or less the same, so will these an-
gles.

• Similarly to the results in [16] with the Delta Log-
Normal model, longer strokes (that is, larger values of
D) seem to be less frequent for the elder group.

• Reinforcing the results on Sect. 4.1, the number of
strokes N is in general bigger for the elder group: the
mean distribution is higher and low values of N are
less frequent for the aged subjects. The starting time
difference between strokes ∆t0 distribution shows as
well that small values appear to be more frequent for
the elder group, resulting the combination of trends in
N and ∆t0 in signatures with more and shorter strokes
as we get older.

• The µ distributions show a displacement of the peak
towards the left for the elder group. This may be due
to a tendency noted above: as we get older, we tend
to use a higher number of strokes for the signatures.
Those strokes are therefore shorter (see D figure, with
a bigger peak for small values and a lower tail for the
bigger values), requiring a lower logtime delay (µ) but
a similar logresponse time (see σ figure).

• The SNR distribution has a significantly bigger peak
on lower values (around 0 dBs) for the aged group.
This means that, in general, elder subjects tend to



present a smaller SNR: the degradation associated with
ageing makes us move away from lognormality (i.e.,
ideal case).

• The ratio SNR/N accentuates the trend shown by SNR
and N : age results in more trembling, which means
more small lognormals (higher N ), and a bigger devi-
ation from lognormality, which means a smaller SNR.
Globally, that should lead to a higher probability for
small values in elders for the ratio. As expected, in
Fig. 2 we can observe that the distribution of SNR/N
has a peak in -0.1 for the elder group and a peak in 0.5
for the younger group.

5. Conclusions
The Kinematic Theory and its associated Sigma Log-

Normal model provides a solid framework for the study of
the production of rapid human movements that takes into
account different psychophysical features closely related to
the ageing in the human body, such as the neuromuscular
response time.

In this context, in the present work we have carried out
the first study on the handwritten signature variation with
time based on the Sigma Log-Normal model. The experi-
ments, carried out on a medium size database captured on 6
uniformly distributed sessions over 15 months, have shown
certain tendencies such as:

• The number of strokes, N , has an upward trend: as we
get older, we tend to plan more movements.

• In order to preserve the shape of the signature, those
strokes must be shorter, leading to smaller values in
∆t0.

Furthermore, the analysis carried out on the signatures
of two groups of subjects with a 40 year age difference
between them has confirmed certain observations made on
a previous similar study carried out on a controlled single
stroke task [16]:

• Strokes tend to be shorter for the elder group, and there
are more strokes per signature.

• As we get older, the ratio SNR/N presented decreases:
we move away from lognormality (i.e., the ideal case)
and the number of lognormals per signatures shows an
upward trend.

Given the limited amount of data available, these results
are only preliminary: further experiments should be con-
ducted where signatures are tracked over longer periods of
time for a higher number of users. However, the protocol
here presented may be extended to larger databases and ap-
plied to different tasks: single strokes, handwriting, Arabic

or Chinese signatures, etc. We thus believe that studies such
as the one presented here can help to bring some insight into
the difficult problem of biometric ageing in order to put this
rapidly emerging technology into practical use.
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