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Abstract

This research introduces an innovative approach to explore the cognitive and biologically inspired underpinnings of feature
vector splitting for analyzing the significance of different attributes in e-security biometric signature recognition applications.
Departing from traditional methods of concatenating features into an extended set, we employ multiple splitting strategies,
aligning with cognitive principles, to preserve control over the relative importance of each feature subset. Our methodology is
applied to three diverse databases (MCYT100, MCYT300, and SVC) using two classifiers (vector quantization and dynamic
time warping with one and five training samples). Experimentation demonstrates that the fusion of pressure data with spatial
coordinates (x and y) consistently enhances performance. However, the inclusion of pen-tip angles in the same feature set
yields mixed results, with performance improvements observed in select cases. This work delves into the cognitive aspects
of feature fusion, shedding light on the cognitive relevance of feature vector splitting in e-security biometric applications.

Keywords Biometrics - Online signature - Vector quantization - Dynamic time warping - e-Security

Introduction

Signature is one of the most widely used biometric traits
for e-security, as it is based on “something you can do” [1,
2]. One of its main advantages is that the user can change
their signature if it is compromised, which is unfortunately
impossible with most other biometric traits such as the face,
speech, and iris. Additionally, signature authentication has
a long tradition of centuries in legal contracts, paintings,
and other fields and can also play an essential role in health
assessment [2, 3]. Several handwritten tasks can be used for
signature recognition [4].

On-line biometric recognition can operate in two different
ways:

a) Identification (1:N): The system compares the signature
provided by the user with the N models stored in the

< Marcos Faundez-Zanuy
faundez @tecnocampus.cat

Tecnocampus, Universitat Pompeu Fabra, 08302 Matard,
Spain

Universidad de Las Palmas de Gran Canaria,
Las Palmas de Gran Canaria, Spain

database of N users. The model that best matches the
input signature is used to identify the user.

b) Verification (1:1): A user provides their signature, and
the system attempts to determine if they are a genuine
or forged user by verifying their claimed identity. Some
databases contain two types of forgeries, known as ran-
dom and skilled. In the latter case, the forger is attempt-
ing to imitate the genuine signature, while in the former
case, the forger is using their signature as a replacement
for the genuine signature.

Online signature is probably the most popular behavioral
trait for biometric recognition of people. Many individu-
als regularly sign documents, contracts, and other legal or
financial papers, both in physical and digital formats. In
addition, signature is the unique biometric trait that can be
replaced (changed) if compromised. This is not possible or
extremely difficult with other traits such as fingerprint face,
and speech. It is based on a large set of techniques applied
in a broader field known as pattern recognition.

Figure 1 depicts the general pattern recognition scheme.
It consists of:

1. The acquisition of a signal from the real world, usually
by means of a digitizing tablet, smartphone, etc.
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2. A feature extraction algorithm can extend the origi-
nal set of features the digitizing device provides. An
example is the popular delta and delta-delta parameters.
These parameters are commonly used in various signal
processing applications and are particularly useful for
capturing the temporal changes or differences between
consecutive values in a sequence. By adding delta
and delta-delta parameters, the algorithm can provide
additional information that characterizes the dynamic
aspects of the signature, thereby enhancing the discrimi-
native power and accuracy of the recognition system.

3. A matching algorithm that obtains a score (or a distance)
measure that measures the matching degree between a
pre-existing signature acquired during user enrollment
and testing signature. Using the enrolment signatures,
the computer works out a model usually stored in a data-
base, card, etc.

4. Considering the score or distance value provided by the
matching step, a decision is made, which is usually an
“accept/reject the user” (verification application or 1:1
comparison) or the “identity” of the author of the testing
signature (identification application or 1:N comparison,
where N is the number of users contained in the data-
base).

Biometric Features Fusion

When dealing with extracted feature vectors, the goal is to
combine the different measurements in order to improve the
accuracy of the decision. Several options exist, performing
fusion at four different levels [5]:

1. Sensor level:

At this level, the digital input signal is the result of sens-
ing the same biometric characteristic with two or more
sensors. This first level is not usual in the online signature
acquisition, except for online and offline signature acqui-
sition. An online signature is acquired through a digitized
tablet with paper on its top and an ink pen. Instead, an
offline signature is obtained by scanning the signature
produced on the sheet of paper. However, the goal of this
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combination is more focused on comparing online and
offline systems than on the combination itself. To this
end, simultaneous collection of offline and online data
is needed. An example can be seen in the BiosecurID
database [6]. In Galbally et al. [7], the authors combined
online and enhanced offline data in separate automatic
signature verifiers, which were combined at score level.
A different strategy was proposed by Radhika and Gopika
[8], where image-based and sequence-based techniques
were applied to extract features of signatures to be com-
bined in a single classifier.

Another type of work depends on the digitizers used. In
some real applications, different tablets, smartphones,
or PDAs can be used to collect and verify signatures. A
proposal for sensor interoperability in signature verifi-
cation can be seen in Alonso-Fernandez et al. [9]. The
authors proposed an enrollment strategy using two tablet
PC. In Tolosana et al. [10], a data preprocessing stage is
highlighted to cope with the verification of signatures
acquired in mobile and desktop scenarios.

2. Feature level:

This level implies obtaining an extended feature set by
applying several algorithms on the basic feature set pro-
vided by the digitizing tablet, which normally is lim-
ited to five features: spatial coordinates (x, y), pressure
(p), angles (azimuth, altitude). Among the most popu-
lar extended features are the first and second deriva-
tives, delta and delta-delta parameters. This is a popular
approach in speaker recognition [11, 12] and speech rec-
ognition [13] and signature recognition [14].

This combination strategy is usually done by concatenat-
ing the feature vectors extracted by each feature extractor.
This yields an extended-size vector set.

Fifteen feature fusion proposals using spatial and pressure
features were given by Parziale et al. [15]. They assessed
the impact of each fusion with a standard and a stability-
modulated DTW. In Diaz et al. [16, 17], a feature-level
combination was carried out. The authors found good
results by combining the position and pressure of a new
set of features based on the movement of a robotic arm
at the feature level. On the other hand, handcrafted and



Cognitive Computation (2024) 16:265-277

267

deep learning—based features were combined at the fea-
ture level [18]. The authors found that fusion eliminates
the shortcomings of the corresponding group of features
by complementing one another. Next, in Vorugunti et al.
[19], a set of standard statistical-based features and deep
representations from a convolutions auto-encoder were
fused. The authors achieve competitive performance in
few-shot learning scenarios.

While combining vectors is a popular fusion approach,
it has some drawbacks, such as limited control over the
contribution of each component to the final result and
an increase in complexity for classifier design and data
requirements. Therefore, opinion and decision levels are
commonly used in state-of-the-art data fusion for pat-
tern recognition. This allows for greater control over the
fusion process and a better understanding of the contribu-
tion of each component to the final result.

3. Opinion level:

Fusing different biometric classifiers to achieve better
performance is also known as confidence level fusion.
This approach combines the scores provided by each
matcher and the distance or similarity measure between
the input features and the models stored in the database.
It is possible to combine several classifiers working with
the same biometric characteristic or different ones alto-
gether, known as unimodal and multimodal fusion.
Before the fusion process can begin, normalization must
be performed. For example, suppose one classifier pro-
duces similarity measures within the [0, 1] range and
another produces distance measures within the [0, 100]
range. In that case, two normalization steps must be
taken:

1) Converting the similarity measures into distance
measures or vice versa.

2) Standardizing the location and scale parameters of
the similarity scores from each classifier.

After normalization, several combination schemes
can be applied [20].

The combination strategies can be classified into
three main groups:

Fixed rules: In this case, all the classifiers have the
same relevance. An example is the sum of the out-
puts of the classifiers. In Okawa [21], a simple sum
of two outputs scores was used for the final score
value in online signature verification. Independent
and dependent warping strategies in DTW obtained
the two individual scores. Competitive performances
were obtained with three public online signature
datasets: SVC2004 Task1/Task2 and MCYT-100.

Trained rules: Differently, some classifiers should
have more relevance to the final result. It is achieved
through weighting factors computed using a training

sequence. The most straightforward procedure when
dealing with two classifiers with their respective
opinions o, and o, is obtaining a combined opinion
0 = ao; + (1 — a@)o,, where a is the weighting fac-
tor optimized by finding the highest accuracy for
a €[0,1]

An example of the combination of verification
scores through a weighted mean can be seen in Fis-
cher and Plamondon [22]. They combined a well-
established verification using dynamic time warping
with lognormal-based features with a string edit dis-
tance strategy. The performance was quite competi-
tive compared to several benchmark datasets.

In a study conducted by Diaz et al. [17], they
introduced a novel approach that combined stand-
ard features and robotic features at the score level,
yielding the most optimal results as reported in their
research article. Furthermore, their findings demon-
strated the superior performance achieved through
the feature fusion strategy employed in this modal-
ity.

Adaptive rules: The relevance of each classifier
depends on the instant time. It is interesting for vari-
able environments, and it is a generalization of the
previous rule: 0 = a(#)o; + (1 — a(t))o,, where a(t)
is the weighting factor, which is variable in certain
conditions.

The most popular combinations are weighted
sum, weighted product, and decision trees (based
on if—then-else sentences).

4. Decision level:

The fusion of multiple classifiers is required at this level.
Each classifier generates a decision, which is either an
accepted/rejected decision for verification applications
or the identity of the person or a ranked list with the most
probable person on top for identification systems. In the
latter case, the Borda count method [23] can be used to
combine the outputs of classifiers. This method circum-
vents the mandatory score normalization for the opinion
fusion level and assigns a score equal to the number of
classes ranked below the given category.

However, one issue with decision-level fusion is the pos-
sibility of ties. At least three classifiers are necessary for
verification applications, as two classifiers must agree
to avoid ties. For identification scenarios, the number of
classifiers must be higher than the number of classes,
which is typically impractical. Consequently, this com-
bination level is typically used for verification scenarios.
A significant combination scheme at the decision level
is the serial and parallel combination, also known as the
“AND” and “OR” combinations. The “AND” combina-
tion enhances the false acceptance rate (FAR), while
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the “OR” combination improves the false rejection rate
(FRR). By simultaneously combining serial and parallel
systems, it is possible to enhance both rates [24].
Existing proposals for online signature recognition that
extend feature sets are based on the feature level, where
new features are concatenated to form an extended fea-
ture set. This paper will investigate various combination
strategies at the opinion level to better understand each
feature’s contribution to the final accuracy. More specifi-
cally, our proposal allows us to determine the relevance
of pressure and pen-tip angle information in e-security
biometric application.

Experimental Setup
Database

We have used two different databases in our experimental
section:

MCYT database: We utilized the MCYT database [25]
in its entirety, which comprises two sets of signatures: one
with 330 users (MCYT330) and another with a subset of
100 users (MCYT100). Each user in MCYT produced 25
authentic signatures and 25 skilled forgeries. Skilled for-
geries were executed by five specific users who observed
the image-based signature to be imitated, then attempted to
replicate them about ten times, and then efficiently produced
the acquired forgeries without any noticeable artifacts (such
as breaks or slowdowns). As a result, the authors claim that
highly skilled forgeries are provided that mimic the shape-
based natural dynamics of genuine signatures.

In this procedure, user n (ordinal index) produced a set
of five authentic signature samples, followed by five skilled
forgeries of client n — 1. Then, they produced another set of
five authentic signature samples, followed by five skilled
forgeries of user n— 2. Finally, user n repeated this proce-
dure, executing 25 signature samples (in sets of 5) and 25
skilled forgeries (5 samples from each user n—1 to n—75).
Conversely, for user n, 25 skilled forgeries are produced by
users n+1ton+>5.

SVC database: The SVC database [26] is comparable
to MCYT, as it utilizes the same five features acquired by
a WACOM Intuos graphic tablet with a sampling rate of
100 Hz. However, only a subset of 40 users from the com-
plete SVC database, which contained 100 sets (users) of sig-
nature data, was made available for research after the First
International Signature Verification competition.

The database includes skilled forgery samples created
by contributors. Each user has 20 authentic signatures, col-
lected in two sessions of ten signatures each, with at least
1 week between sessions. Additionally, at least four other
contributors generated 20 skilled forgeries for each user,
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using a software animation viewer of the signature to be
forged. For this study, we utilized a final set of 16,000 sig-
natures (8000 genuine signatures and 8000 skilled forgeries),
approximately 10% of the size of the MCYT database.

It is worth highlighting the signatures in the SVC data-
base are primarily in English or Chinese, and no genuine
signatures were used. Instead, contributors were advised to
create and practice a new signature before the acquisition
sessions.

Feature Set Extension and Normalization

Starting from the basic set of features f = [x, v, p, az, al],
where x and y are the spatial coordinates, p the pen pressure
on the tablet, and az and al the azimuth and zenith angles,
provided by the digitizing tablet we extended it by working
out the delta and delta-delta parameters.

Delta (f;) and delta-delta () features are the first and
second derivative, respectively, for each basic feature f;,
where i € [1,5]. The delta parameters are obtained in the
following way [27]:

P
DYV

The delta of a given feature f can be approximated
through the least-squares method as the local slope within
a region surrounding the current sample f[k]. This region
encompasses M samples preceding and succeeding the cur-
rent one, resulting in 2 M + 1 sample. The delta window
length parameter determines the size of this region and is
defined from —M to M. To calculate the delta, an odd inte-
ger greater than or equal to three must be specified as the
window length.

Delta-delta is obtained by applying two consecutive times
the delta Eq. (1).

Features are normalized through a z-score using the fol-
lowing equation, where each feature f; is subtracted by its
mean and divided by its standard deviation.
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Modifying the Feature Vector Length

The signature acquired by digitizing tablet at a sampling
rate of 100 samples per second consists of a set of L sam-
ples, where each sample contains five different values
[x, y,p,az, al], provided by the digitizing tablet plus the
delta and delta-delta parameters. Without loss of general-
ity, we will describe the splitting process to obtain a couple
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of different feature sets from the original five-dimensional
feature set.

There are several basic strategies to modify the feature
vector length and the sequence of feature vectors, as shown
in Fig. 2:

1. Use the whole set of features (x, y, p, a, z) to calculate
one model per user (modell in Fig. 2, obtained from a
sequence of L samples, each sample 5 features).

2. Build two subvectors by splitting the features and gen-
erate one model for each subset (model2a and model2b
in Fig. 2, obtained from a sequence of L samples being
each sample 2 features for model2a and three features
for model2b. Obviously, different feature separations are
possible).

3. Designing the feature vectors by concatenating the fea-
tures of S consecutive sampling points (with)out over-
lapping. In this example (model2, Fig. 2), S=2 but of
course different values are possible).

4. Split the feature set into several sections such as initial,
middle, and ending section. In this approach, the fea-
ture vector dimension is not modified, but the whole
sequence of feature vectors (L) is split into sections. This
approach has been applied in a vector quantization algo-
rithm known as multi-section vector quantization [28].

One potential application or relationship between feature
vector splitting and cognitive computation lies in the field
of cognitive pattern recognition or cognitive modeling. Cog-
nitive computation aims to develop computational models
that mimic human cognitive processes and abilities, such as
perception, attention, memory, and decision-making.

Feature vector splitting can be used as a technique to
simulate how humans process and analyze information in a
hierarchical or segmented manner. Human cognition often
involves breaking down complex stimuli or patterns into
smaller, more manageable components. By splitting the fea-
ture vector into subsets or segments, cognitive models can
mimic this hierarchical processing and capture the sequential
or parallel nature of human cognitive operations.

In cognitive pattern recognition tasks, such as object rec-
ognition or scene understanding, feature vector splitting can
help replicate the cognitive processes of selective attention
and feature integration. By splitting the feature vector into
subsets that correspond to different ways to parametrize a
signature, such as geometrical, texture, and shape, cognitive
models can focus attention on specific subsets and integrate
the information from different subsets to form a holistic rep-
resentation of the pattern or stimulus.

Furthermore, feature vector splitting can be employed in
cognitive computation to investigate how humans prioritize
and weight different features during pattern recognition
tasks. By selectively splitting the feature vector based on
specific feature properties or relevance criteria, cognitive
models can simulate human feature selection strategies and
explore the impact of feature weighting on pattern recogni-
tion performance.

Our motivation for this approach stems from the follow-
ing cognitive insights:

1. Hierarchical Processing: Recent research in cognitive
neuroscience [29] suggests that the brain processes
interpersonal verbal communication hierarchically.
They approach this issue by proposing three levels of
neurocognitive processes are required. Such a division
of the information is also proposed in our feature vector
splitting, which aligns with this hierarchical processing
by preserving control over individual feature subsets.

2. Selective Attention: Cognitive neuroscience studies [30]
emphasize the role of selective attention in visual pro-
cessing. Our approach allows us to selectively empha-
size or de-emphasize specific features, simulating the
cognitive process of selective attention for biometric
recognition.

3. Perceptual Grouping: The Gestalt principles of percep-
tual grouping have been instrumental in understand-
ing how humans organize visual information. In Prieto
et al. [31], the authors conclude with evidences about
improvements in visual working memory when part of
the information is grouped through perceptual grouping

Fig.2 Strategies to split the s .
feature vectors by features = -
(model2a model>’2b) it X1, Y1, P1, 31, 21 | %Y, Ppa,z S| X0 Yo Pedp 7, X Yy Py 7y
increase the dimensionality of . .
the vectors (model3) Y Xp Yy Py dp 2 E XY, Py 85 2, =] X3 Y30 Py 85 25, Xy Yy Py 30 24
" - 1 1
X3 ¥y Py 83, 24 H IREIRE Py, 83, 24 E ' . i
. i B K Rk HH
: R HARE :
! . i a1 el X Yo Proe 3 2, X0 Yo P 80, 2
" .
H
X Yo Pro 8, 7 | *v P 8,7 .
: :
modell = model2a model2b : Model3
.
1
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cues. Our feature vector splitting strategy enables us to
explore how grouping specific features affects biometric
recognition performance.

Overall, the application of feature vector splitting in
cognitive computation allows for the development and
exploration of computational models that capture the
hierarchical, selective, and integrative aspects of human
cognition. By incorporating this technique, researchers can
gain insights into human cognitive processes and poten-
tially improve the performance of cognitive systems for
various tasks, such as perception, decision-making, and
problem-solving.

A simultaneous combination of strategies 2 and 3 is
also an option. However, our experimental results revealed
poor performance when using strategy three (model3 in
Fig. 2), prompting us to exclude combinations of 2 and 3.
Probably this strategy yields worse outcomes due to the
curse of dimensionality: the higher the vector dimensions,
the more challenging to classify vectors.

Considering the different fusion levels described in the
“Introduction” section in the first approach depicted in
Fig. 2 (modell), we are in the second situation: the digitiz-
ing tablet detects the two spatial coordinates, the pressure,
and a couple of angles, and we concatenate them to obtain
a concatenated feature vector of five dimensions. One of
the main problems of this approach is the little control
over the contribution of each component vector on the
final result, and the augmented feature space can imply a
more rugged classifier design, the need for more training
and testing data, etc. [24]. Although it is a common belief
that the earlier the combination is done, the better result
is achieved, state-of-the-art data fusion relies mainly on
the opinion level.

When using the second approach depicted in Fig. 2 (mod-
el2a + model2b), we are shifting part of the feature level
fusion to opinion fusion, as the final result is obtained by
combining the scores provided by the combination of two
different classifiers.

In this paper, we have defined four different scenarios
when splitting the feature vector into two sets, where each
set feeds one classifier:

TEST1 [xy.x3.%3]. [p.p]

—— N~
setl set2
angle in setl, the pressure goes into a second classifier.

TEST2 [x, ¥, X, 9, X, y] s [p, az,al,p,dz, dl] : no pressure

.

J/ . /
g g

setl set2
neither angles in setl, pressure and angles in the second

classifier.
TEST3 [x,y,p, %, 3.p. %3] . |az,al,dz, al| : set] includes

: no pressure neither

S/ o J
v~ n'g

setl set2
pressure, and angles in a separate classifier.
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TEST4 [x, ¥, P, X, 9, P, X, y] s [p, az,al,p, dz, dl] : pressure
. v

. /

i i
setl set2

is included in setl and set2, angles in the second set.

Classification Algorithms

We have used two classification algorithms:

Vector quantization (VQ): One possibility for biomet-
ric recognition consists of modeling each user by its own
codebook [32], where the Linde-Buzo-Gray (LBG) k-means
algorithm generates the codebook [33], and the number of
users inside the database is N. We have used the LBG algo-
rithm implementation available in VOICEBOX: Speech Pro-
cessing Toolbox for MATLAB.

Several signatures, usually acquired in the same session
(same day), are used to train the codebook. Then during
the test, the process is the following, given a test signature
acquired in a different acquisition session (day) than the
training one:

a) Identification (1:N): the test signature is quantized with
the whole set of codebooks, and one quantization distor-
tion (distance measure) is obtained for each codebook
(user). The codebook that provides the smallest distance
reveals the identity of the user.

b) Verification (1:1): the test signature is quantized with
the codebook belonging to the claimed identity. If this
distance is smaller than the decision threshold, the user
is accepted (considered a genuine user). Otherwise, it is
rejected (considered an impostor).

As far as the feature set has been split into two different
sets, the process is the following:

1. Using the training signatures, one codebook is obtained
for each set (CB1, CB2; named model2a and model 2b
in Fig. 2).

2. Each testing signature is split into two sets (setl, set2),
and each part is quantized with its corresponding code-
book providing a quantization distortion d(CBI1, set1)
and d(CB2, set2).

3. The two quantization distortions obtained
for each user and testing signature are com-
bined by a trained rule as described in Sect. 1:
combined = a - d(CB1, setl) + (1 — a) - d(CB2, set2)

Dynamic time warping (DTW): Feature matching of the
testing sample with the models is performed using DTW. It
is a popular template-matching algorithm well suited to cope
with random variations due to intra-user variability [34].
DTW applies a dynamic programming strategy to produce
an elastic measure of the distance between two samples,
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even if they differ in length. We proceed in an analogous
way to the VQ algorithm. First, we compute a couple of
DTW distances, one with model2a (first part of the feature
set) and another one with model 2b (last part of the feature
set). Then, we have analyzed the DTW algorithm under two
training conditions: DTW1 (1 training signature per user)
and DTWS5 (5 training signatures per user). The DTW dis-
tance is computed between each training signature and the
testing sample in the last case. From the set of five distances
obtained, the minimum distance is selected.

Deep learning techniques could also be employed. They
offer high classification rates and eliminate the need for fea-
ture vector extension and normalization. However, we have
chosen to exclude these algorithms from the scope of this
paper for the following reasons:

a) Limited data availability: Deep learning algorithms typi-
cally require a large amount of labeled data to achieve
optimal performance. In the field of biometric signature
recognition, acquiring a large number of training signa-
tures per user can be time-consuming, cumbersome for
the users and unpractical in real-world scenarios. On the
other hand, classical machine learning algorithms such
as VQ and DTW require less data and can still yield
reliable results with a smaller dataset.

Interpretability: The goal of our paper is to shed light
on the contribution of specific features obtained by digi-
tizing tablet. For instance, can we discard pressure or
angles? The use of deep learning techniques, although
it can provide good classification accuracies, is some-
times like a black box where you obtain the result but

b)

interpretability of selected features and their relative
importance is overlooked.

Computational efficiency: Deep learning models, espe-
cially those with numerous layers and parameters, can
be computationally intensive and require significant
computational resources. In contrast, the VQ and DTW
algorithms used in this paper offer greater computation-
ally efficient.

)

Experimental Results

Tables 1, 2, 3, and 4 present the experimental results using
VQ with different bits ranging from 4 to 8 (this implies
a separate codebook or model size) and three databases:
MCYT330, MCYT100, and SVC. Instead, Table 5 shows
the results with all tests and DTW signature verifier. The
best results are highlighted in color in these tables.

We have utilized two distinct automatic signature veri-
fiers: DTW and VQ. While DTW observes the temporal
sequence of features, VQ models signatures with multiple
codebooks, where the number of bits defines the size of
the codebook. The LBG algorithm is used to construct the
codebook. It begins by generating a codebook with a single
vector (bit=0; 2*0=1) and then doubles its size in the next
iteration. To accomplish this, one vector is taken from the
previous iteration, and a new vector is produced by adding
a random disturbance to the first vector. The positions of the
centroids are iteratively readjusted to ensure they best repre-
sent the training sequence. When convergence is achieved,

Table 1 Results with Test 1, different databases and VQ-based automatic signature verifier

b=4 b=5 b=6 b=7 b=8
IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs
MCYT Oort | 98 4.31 | 13.66 | 99 3.90 |10.44 |986 |291 |87 98 284 |786 |974 |335 |8.48
VQ1_100 | a=0 | 26.2 | 28.52 | 30.5 |25.8 | 28.65 | 28.86 | 22.4 | 29.33 | 29.24 | 18.2 | 30.66 | 29.78 | 16.8 | 30.74 | 30.60
o=1 |97 573 |18.14 1984 |4.10 |13.12 |986 |340 |11.18 |97.8 |[3.03 |9.88 |974 |3.44 |9.54
MCYT dopr | 100 2.25 |9.58 | 100 142 |6.74 | 100 0.97 |5.32 | 100 0.82 | 462 | 100 0.90 |4.18
VQ5_100 | a=0 | 42 23.64 | 26.38 | 48.2 |21.34 | 23.92 | 444 |20.78 | 22.26 | 42 21.20 | 21.8 |35.2 |21.69 | 21.64
o=1]99.2 |41 14.4 | 100 214 1996 |99.8 |148 |7.66 | 100 1.27 | 6.62 | 100 1.22 | 5.66
MCYT aopr | 92.06 | 5.12 | 13.50 | 94.06 | 4.06 | 11.33 | 94.91 |3.59 | 10.38 | 94.73 |3.70 |9.67 |93.27 |3.79 |9.75
VQ1_330 | a=0 | 17.15 | 27.56 | 30.51 | 16.67 | 27.82 | 29.72 | 13.88 | 27.96 | 29.18 | 11.39 | 29.31 | 30.05 | 9.45 | 29.90 | 30.83
o=1]90.55 |6.34 |16.48 | 93.39 |4.75 |13.36 |94.67 [3.94 |11.97 | 94.42 | 3.87 |10.96 | 92.85 | 4.06 |10.41
MCYT Oopr | 98.79 | 2.27 | 891 |99.09 |146 |6.71 |99.15|1.21 |507 |9897 |1.15 |4.39 |98.91 |1.04 |3.96
VQ5_330 | a=0 | 31.81 | 22.54 | 27.45 | 35.33 | 20.49 | 24.74 | 33.27 | 20.17 | 23.22 | 29.39 | 20.33 | 22.34 | 24.73 | 21.16 | 22.22
o=1]98.12 |3.71 |1259 9891|228 |925 |99.09 |162 |700 |9891 136 |592 |98.85|127 |524
svC Oopr | 99 0.92 |24.19 | 99 0.40 |21.44 |995 |0.29 |20.31 995 |041 |185 |995 |0.77 | 185
val a=0 | 17.5 |33.60 | 40.63 | 20.5 |33.15 |39.75 | 15,5 |35.65 | 41.63 | 11 37.06 | 4194 | 10 37.94 | 42.63
o=1 |99 1.13 | 24.75 | 99 0.77 2175|995 |0.32 |20.56 995 |042 |1875|99.5 |0.78 | 18.69
svC aopr | 100 0.32 | 21.81 | 100 0.04 | 16.38 | 100 0 12.06 | 100 0 10.56 | 100 0.03 | 8.56
vQ5 o=0 | 35 22.76 | 32.44 | 42,5 | 21.85 | 30.88 | 45 21.90 | 29.38 | 37 2293 |30.5 305 |24.77 |31
o=1 | 100 0.74 | 22.75 | 100 0.15 |17.13 | 100 0.01 |12.5 | 100 0 10.75 | 100 0.03 | 8.56

aopr denotes the optimal alpha value for considering both set of features at score level. =0 and i=1 mean that only the second or first set of
features, respectively, was evaluated. Green color highlights the optimal VQ configuration for random forgeries. Yellow color highlights the opti-
mal VQ configuration for skilled forgeries. This is always obtained for codebook sizes greater or equal to six bits
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Table 2 Results with Test 2, different databases and VQ-based automatic signature verifier

b=4 b=5 b=6 b=7 b=8
IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs
MCYT Oopr | 96.8 | 5.14 | 1496|988 |3.13 |11.3 |986 |283 |974 |984 |2.80 |854 |97.4 |324 |8.34
VQ1_100 | a=0 | 17.2 | 26.99 | 304 |18.2 |26.10 |29.1 |20.0 |27.05|29.5 |17.8 |27.68 |29.44 | 15,6 |30.45 | 31.24
o=1 958 |593 |179 |98.0 |4.10 |129 |982 |343 |1134 |98.0 |[3.00 [994 |97.4 |344 |9.54
MCYT aopr | 100 2.61 | 11.08 | 100 135 |7.48 | 100 0.93 |5.56 | 100 0.86 |4.72 | 100 0.74 | 3.92
VQ5_100 | a=0 | 39.8 | 20.08 | 25 47 17.28 | 22.46 | 49.2 |16.98 | 21.98 | 49.8 | 15.74 | 20.24 | 52.4 | 15.94 | 20.52
o=1]99.6 |3.77 | 13.96 | 100 2.04 | 10.10 | 100 1.38 | 7.34 | 100 1.30 | 6.30 | 100 1.21 | 5.64
MCYT aoer | 90.42 | 5.85 | 14.38 | 94.24 | 431 |11.84 | 95.09 | 3.58 | 10.55 | 94.79 | 3.72 |9.68 |93.21 |3.94 |9.82
VQ1_330 | a=0 | 13.76 | 27.35 | 32.12 | 15.33 | 27.00 | 31.40 | 15.64 | 26.42 | 30.64 | 14.55 | 27.48 | 30.96 | 13.21 | 29.47 | 32.06
o=1]89.39 | 655 |16.32 | 93.52 | 482 |13.53 |94.48 | 4.05 |11.88 | 94.48 |3.80 |10.74 | 92.67 | 4.03 | 10.37
MCYT Oopr | 98.55 | 2.87 |10.19 | 99.09 | 1.82 |7.30 |99.15|1.27 |559 |99.09 | 145 |4.55 |99.03 |1.12 | 3.87
VQ5_330 | a=0 | 31.27 | 19.20 | 26.02 | 36.18 | 17.45 | 24.70 | 39.09 | 16.91 | 24.28 | 42.18 | 16.64 | 23.72 | 41.82 | 16.12 | 23.55
o=1]97.70 | 3.79 |12.81 | 98.67 | 2.14 |949 |9891 |160 |7.19 |9897 132 |6.01 |98.85|124 |5.16

svC Oopr | 99.5 | 0.77 |20.75|99.5 |037 |17.73 |995 |0.32 | 1594 | 995 |0.44 |15.06 |99.5 |0.72 | 16.94
val o=0 | 61 16.22 | 29.88 | 63.5 | 16.58 | 28.75 | 63.5 | 16.34 | 27.44 | 60.5 | 16.63 | 27.44 | 53.5 | 18.42 | 285
o=1 |99 1.24 | 27.44 | 99 051 2213|995 |032 |21.19 995 |044 |19.31|99.5 |0.77 | 18.69
svC aopr | 100 0.01 | 12.56 | 100 0.01 | 10.13 | 100 0.01 |8.13 | 100 0 6.69 | 100 0.01 |5.69
Va5 o=0 | 88 7.98 |20.31 895 |8.13 |18.06 |92 6.67 |15.63 | 91 6.73 1544 |93 6.56 | 15.25
o=1 | 100 0.64 |21.19 | 100 0.08 | 15.81 | 100 0.01 | 12.56 | 100 0 10.44 | 100 0.01 |9.19

agopr denotes the optimal alpha value for considering both set of features at score level. @=0 and a=1 mean that only the second or first set of
features, respectively, was evaluated. Green color highlights the optimal VQ configuration for random forgeries. Yellow color highlights the opti-
mal VQ configuration for skilled forgeries. This is always obtained for codebook sizes greater or equal to six bits

the process is repeated, and the codebook size is doubled We have obtained the following experimental measures:
until the desired size is reached.
In each test (TESTi), we present the optimal value after e Identification: The identification rate (IDR). It is cal-

fusion (TESTi) and the outputs for each classifier alone culated by dividing the number of correctly identified
(TESTia=0 for the set2, TESTia=1 for the setl). Based individuals by the total number of individuals in the
on these results, we observe the following issues, which population.

can explain the relevance of the used features in signature =~ e Verification: Detection cost function (DCF). The DCF
verification: is a metric that measures the cost of making errors in

Table 3 Results with Test 3, different databases and VQ-based automatic signature verifier

b=4 b=5 b=6 b=7 b=8
IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs
MCYT Oopr | 97.4 | 3.65 |13.38 | 99 198 [9.44 |99 149 |834 |988 |193 |7.12 |98 246 |6.98
VQ1_100 | a=0 | 6 40.23 | 37.54 | 5 39.78 | 36.72 | 6 39.36 | 35.64 | 5 40.81 | 36.06 | 3.4 42.40 | 37.10
o=1]96.8 |3.84 |13.46 |99.0 |200 |9.66 |99.0 |150 |848 |986 |[1.93 |7.54 |98.0 |250 |7.00
MCYT Oopr | 99.8 | 2.09 |10.5 | 100 0.86 |7.44 | 100 0.68 |5.44 | 100 0.49 |4.36 | 100 0.40 |3.64
VQ5_100 | =0 | 12.4 | 33.59 | 31.78 | 14.8 | 32.36 | 30.82 | 16.2 | 32.75 | 31.40 | 13.8 | 32.39 | 30.30 | 14 32.11 | 30.36
o=1]99.6 |230 |11.78 | 100 086 |79 100 0.69 |5.56 | 100 0.50 | 4.48 | 100 0.40 | 3.78
MCYT Oopr | 92.79 | 4.26 | 13.09 | 95.94 | 2.88 | 10.39 | 96.48 | 238 | 889 |96.67 | 248 |8.29 |96.06 | 2.76 | 8.27
VQ1_330 | =0 | 4.55 | 39.00 | 38.13 | 4.24 |39.03 | 37.64 | 4.24 |39.10 | 37.41 | 4.24 | 40.27 | 37.52 | 3.58 | 41.88 | 38.21
o=1]92.61 | 435 |13.21 |95.76 | 290 |10.46 | 96.48 | 2.40 | 890 |96.67 |2.48 |8.38 |96.06 |2.76 | 8.27
MCYT Oopr | 99.03 | 2.14 | 9.84 |99.21 | 1.11 | 6.8 99.45 | 0.83 |4.83 |99.45 |0.71 |4.13 |99.45 |0.67 | 3.53
VQ5_330 | a=0 | 9.82 | 31.48 | 32.15 | 10.42 | 31.47 | 32.37 | 11.94 | 30.92 | 32.30 | 11.45 | 30.62 | 31.71 | 11.58 | 30.92 | 32.02
o=1]99.03 | 2.17 |10.22 | 99.21 | 1.15 |7.01 |99.45 |0.83 |495 |99.39 |0.71 |4.19 |99.39 | 0.67 | 3.55

svc oopr | 985 | 1.16 |18.81 |99.5 | 091 |16.44 |99.5 |0.79 | 1494 | 995 |129 |14.31|99.5 |157 |13.81
val o=0 | 46.5 | 22.99 | 31.63 | 48 23.42 | 31.31 | 48,5 |22.87 | 31.19 | 46 24.16 | 32.38 | 37.5 | 25.68 | 33.31
o=1]985 |125 |22 99.5 | 091 |19.44 |995 |0.79 |17.13 |99.5 |1.29 |1594 |99.5 |157 |14.81
svc Qopr | 100 0.31 | 13.44 | 100 0 9.56 | 100 0 7.44 | 100 0 5.69 | 100 0 5.06
vQ5 o=0 | 72 13.67 | 22.38 | 78 11.63 | 21.81 | 75 11.41 | 20.81 | 75.5 | 11.55 | 20.25 | 76 11.45 | 20.31
o=1]99.5 |099 |185 | 100 0.04 | 14.25 | 100 0 11.5 | 100 0 8.69 | 100 0 7.19

aopr denotes the optimal alpha value for considering both set of features at score level. @=0 and a=1 mean that only the second or first set of
features, respectively, was evaluated. Green color highlights the optimal VQ configuration for random forgeries. Yellow color highlights the opti-
mal VQ configuration for skilled forgeries. This is always obtained for codebook sizes greater or equal to six bits
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Table 4 Results with Test 4, different databases and VQ-based automatic signature verifier

b=4 b=5 b=6 b=7 b=8
IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs
MCYT Qort | 97 3.38 |12.72 | 99 222 952 |988 |142 |7.86 |988 |192 |73 98 2.47 | 6.98
VQ1_100 | a=0 | 17.6 | 26.37 | 29.44 | 20.2 | 26.20 | 29.34 | 20.8 |26.77 | 289 | 186 |28.11|29.6 |16.6 | 30.53 | 31.18
o=196.6 |391 |13.22 |988 |245 |9.76 |986 |1.44 |812 |988 |192 |75 98 2.49 | 7.08
MCYT aopr | 100 1.97 | 10.42 | 100 0.69 |7.06 | 100 0.54 |4.96 | 100 0.35 |3.92 | 100 0.34 |3.28
VQ5_100 | a=0 | 39.6 | 19.16 | 24.02 | 48 17.19 | 22.72 | 50 17.06 | 22.26 | 50 15.97 | 20.96 | 51.6 | 15.96 | 20.84
o=1 | 100 2.65 | 12.04 | 100 1.01 |78 100 0.66 |5.38 | 100 0.38 |4.46 | 100 0.40 | 3.76
MCYT Oopr | 92.24 | 420 | 13.10 | 96 294 |10.33 |96.48 | 2.38 | 894 |96.67 | 248 |830 |96 2.75 |8.18
VQ1_330 | a=0 | 14.91 | 27.12 | 31.72 | 16.24 | 27.02 | 31.38 | 15.21 | 26.93 | 30.86 | 14.85 | 27.68 | 31.15 | 13.09 | 29.70 | 32.24
a=1 | 92.12 | 422 | 13.44 | 96 2.97 |10.50 | 96.42 | 239 |9.08 |96.48 |2.48 |836 |96 275 |8.18
MCYT Oopr | 99.09 | 2.14 |9.72 |99.39 |1.00 |6.46 |99.39 |0.78 |4.79 |99.39 |0.70 |4.06 |99.39 | 0.67 | 3.58
VQ5_330 | a=0 | 31.09 | 18.60 | 25.44 | 36.79 | 17.27 | 24.23 | 39.51 | 16.86 | 23.90 | 42.06 | 16.55 | 23.60 | 42.30 | 16.02 | 23.58
o=1]99.09 | 233 |10.51 |99.39 |1.09 |6.94 |99.39 |0.79 |495 |99.39 |0.72 |4.15 |99.39 | 0.67 | 3.58

svC Oopr | 99.5 | 151 |19.13 | 99.5 |0.84 |17 99.5 |0.78 |14.13 | 995 |1.29 |13.31 |99.5 |1.56 |12.94
val o=0 | 60 18.01 | 30.13 | 62.5 | 16.98 | 28.38 | 63 15.99 | 27 61 16.81 | 27.75 | 53 18.47 | 28.38
o=1 1995 |163 |22 995 | 094 |19.31 995 |0.78 |17.63 |99.5 |129 |15.88 |99.5 |1.56 |14.94
svC aopr | 100 0.33 | 12.56 | 100 0.01 |9.88 | 100 0 7.69 | 100 0 6.75 | 100 0 5.44
Va5 o=0 | 90 8.20 |20.75 895 |7.75 |17.38 |93 6.57 |16.06 | 925 |6.46 |1531 915 |6.30 |15.19
o=1]99.5 |0.78 | 19.19 | 100 0.04 | 14.13 | 100 0 10.75 | 100 0 8.75 | 100 0 7.63

agopr denotes the optimal alpha value for considering both set of features at score level. @=0 and a=1 mean that only the second or first set of
features, respectively, was evaluated. Green color highlights the optimal VQ configuration for random forgeries. Yellow color highlights the opti-
mal VQ configuration for skilled forgeries. This is always obtained for codebook sizes greater or equal to six bits

the authentication process. It is typically expressed as a Py, X Pryge, Where C,; . 1s the cost of a miss (rejection),
weighted sum of the false acceptance rate (FAR) and the Cy, is the cost of a false alarm (acceptance), P, is the
false rejection rate (FRR), where the weights represent a priori probability of the target, and Py, =1-P,,,. In
the relative cost of each type of error. The minimum of our setup, we have configured C,,;;,;=Cp,=1.

the detection cost function (minDCF) refers to the point

at which the overall cost of the system is minimized. = TEST1

This point represents the optimal operating point for the

system, where the trade-off between FAR and FRR is  Overall, we found that pressure improved the verification
balanced to minimize the overall cost. DCFr and DCFs  rates when combined with other modalities. The higher
are, respectively, the minimum value of the detection = combined ratios demonstrated this for a# 1 compared to
cost function (minDCF) for random (DCFr) and skilled the case where the pressure was not used. In particular, we
(DCFs) forgeries. Mathematically, DCF is defined in ~ observed that the pressure effectively reduced the error rates
Martin et al. [35] as DCF =C,,;; X P, X P,,,o + Cp, X for skilled and random forgeries in most databases.

true

Table 5 Results with all tests, different databases and DTW-based automatic signature verifier

MCYT100 MCYT330 SvC
DTW1 DTW5 DTW1 DTWS5 DTW1 DTW5

IDR | DCFr | DCFs | IDR | DCFr | DCFs | IDR DCFr | DCFs | IDR DCFr | DCFs | IDR | DCFr | DCFs | IDR | DCFr | DCFs
TESTlooer | 994 | 055 | 7.87 | 994 | 056 |3.48 |98 130 |[864 |99.21 |0.59 |3.66 | 100 | 0.2 24.79 | 100 | 0.18 | 10.10
TEST1a=0 | 68 12.39 | 24.94 | 84 6.47 10.2 | 55.21 | 14.09 | 26.43 | 76.79 | 7.26 | 9.72 | 485 | 18.83 | 34 89 10.91 | 14.10
TEST1la=1 | 99 0.66 |851 |99.4 |066 |358 [97.70 135 |9.26 |99.21 | 0.62 | 3.86 | 100 | 0.2 26.31 | 100 | 0.22 11.83
TEST200per | 99.6 | 0.55 | 757 [ 994 [ 064 [3.48 |9794 |1.26 |869 |99.21 062 |[3.59 |100 |0.13 |21.10 | 100 | 0.27 | 10.35
TEST20=0 | 41 22.65 | 32.79 | 61.8 | 18.92 | 9.55 | 31.76 | 23.79 | 33.96 | 42 18.88 | 9.69 | 82.5 [9.90 | 28.04 | 96.5 | 8.53 14.56
TEST2a=1 | 99 0.66 |851 |99.4 |066 |358 |97.70 | 135 |9.26 |99.21 | 0.62 |3.86 | 100 | 0.20 | 26.31 | 100 | 0.22 11.83
TEST3awpr | 100 | 038 | 732 | 996 | 058 |3.18 9873 094 |814 |9945 /057 [331 |100 |0.13 |1898 | 100 (037 |9
TEST3a=0 | 15.2 | 34.37 | 40.86 | 33.4 | 26.33 | 14.25 | 9.39 | 34.65 | 4144 | 20 26.30 | 13.60 | 66 16.29 | 33.92 | 85 13.10 | 18.88
TEST3a=1 | 100 | 0.38 7.56 |99.6 [ 058 |3.51 |[98.48 | 095 |829 |99.39|0.57 |[350 |100 |0.17 |21.67 | 100 | 0.17 | 10.04
TEST4aoer | 100 | 035 | 722 [ 996 | 058 |3.41 9879 | 091 |821 |9945 /057 [335 |100 |0.14 | 1858 | 100 | 0.17 |9.29
TEST4a=0 | 41 22.65 | 32.79 | 61.8 | 18.92 | 9.55 | 31.76 | 23.79 | 33.96 | 42 18.88 | 9.69 | 82.5 [9.90 | 28.04 | 96.5 | 8.53 14.56
TEST4a=1 | 100 | 0.38 756 [99.6 | 058 |351 |9848 | 095 |829 |9939 057 [350 |100 |0.17 |2167 | 100 |0.17 | 10.04

aopr denotes the optimal alpha value for considering both set of features at score level. «=0 and =1 mean that only the second or first set of
features, respectively, was evaluated. Green color highlights the optimal results for DTW and random forgeries. Yellow color highlights the opti-
mal results for DTW and skilled forgeries. In contrast to VQ, there is no model size parameter to adjust in this situation
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For example, in MCYT100 VQI1, we found that the pres-
sure consistently reduced the performance, with fewer bits
resulting in higher contributions, as shown in Table 1. In
addition, we found that 7 bits produced the best perfor-
mance for both random and skilled forgeries. Similarly,
in MCYT100 VQS5, the pressure improved the results by
roughly 1.5% and 0.5% for skilled and random forgeries,
respectively. The best results were achieved with 7 and 8
bits.

In MCYT330 VQI and VQ5, we observed that the fusion
constantly improved the results, with the random forgery
being less reduced than the skilled forgery, as expected. The
best results were found with 6 and 7 bits for random and
skilled forgeries, respectively, in VQ1 and 8 bits in VQ5.
Moreover, we found that the higher the number of training/
reference/enrolled signatures, the better the results obtained
with higher bits.

However, in SVC2004 VQ1 and VQ5, we found that add-
ing pressure did not improve performance. In fact, adding
pressure degraded the performance in VQ1, while in VQ5,
no contribution was observed. After fusion, the best per-
formance was obtained with a=1 for skilled forgeries and
a=0.96 for random forgeries, with 8 and 7 bits, respectively.

In MCYT100 DTW1 and DTW5 (Table 5), we found that
the fusion improved the results in all cases, but adding pres-
sure did not contribute significantly. The contribution was
0.1% for random forgeries and 0.6% for skilled forgeries,
which reported higher performance. Similarly, in MCYT-
330DTWI1 and DTWS5, we observed almost the same per-
formance when (x, y) were only used to verify signatures in
random forgery and a slightly improved performance (less
than 1% of error) in skilled forgery.

In SVC2004 DTW1 and DTWS5, we observed a reduction
of about 2% in error rates for skilled forgeries when pressure
was added. This high reduction was due to the high error
rates observed. We also found that the algorithm selected
0.5 as the optimal @, which means that both sets of features
have the same importance.

In general, we conclude that the hardware used to acquire
pressure provides a signal with low discriminative potential
in signature verification. However, when combined with
other modalities, a modest improvement in verification
rates can be consistently observed across the databases and
experimental protocols.

TEST2

Based on Tables 2 and 5, the results of TEST2 show that
adding angles to the pressure in the same set can improve
the performance in some cases for both automatic signature
verification (ASV) tasks but can also lead to degradation in
some cases. In MCYT100 VQI, adding angles improved the
random forgery slightly but degraded the skilled forgeries

@ Springer

results compared to TEST1. In MCYT100 VQ5, both ran-
dom and skilled forgeries experiments were somewhat
improved. In practical terms, adding or not adding angles
produced the same performance after fusion.

For MCYT330 VQS5, the performance was slightly
degraded and slightly improved in random and skilled for-
geries. However, no effects were observed by adding the
angles along the pressure in the same set. In SVC2004 VQI,
the performance was reduced by about 2.5% for skilled for-
geries compared to TEST1, with a stable effect in random
forgeries. In SVC2004 VQ5, better improvements were
observed in skilled forgeries compared to TEST1 (reduc-
tion of 3% of error) and compared to the use of only x,y
(reduction of 3.5% of error).

No effects were observed for MCYT100 DTW1 and
DTWS5 compared to TEST1, except for a slightly negative
result in random forgery in MCYT100 DTWS5. Similarly,
no effects were observed in MCYT330 DTW1 and DTWS5,
except for a somewhat negative impact in random forgery in
MCYT330 DTWS5. In SVC2004 DTW1, an improvement in
skilled forgeries was observed compared to TEST1, prob-
ably due to the high minDCF error. A non-important perfor-
mance advance was observed in random forgery. However,
SVC2004 DTWS5 showed stable results compared to TEST 1.

In general, the results from TEST2 suggest that adding
angles to the pressure in the same set can improve the per-
formance in some cases for both ASVs. In contrast, in other
cases, the performance is stable, and in rare cases, it can be
slightly degraded.

TEST3

The results of MCYT100 VQ1 in Table 3 show that no sig-
nificant effect was observed in the fusion due to the values
of a being close to 1. However, the performance in both
random and skilled forgeries improved slightly after adding
angles along the pressure in the same set.

MCYTI100 VQS5 showed that adding a set with angles
did not affect random forgeries and a small positive effect
on skilled forgeries. MCYT330 VQ1 and VQS5 produced
similar results, with no significant effects observed when
angles were added in a new set.

SVC2004 VQI1 showed that adding angles along with
the pressure degraded the performance of random forgery
compared to TEST1 and TEST2, but there were no effects
observed with skilled forgeries. In contrast, SVC2004 VQ5
did not show any improvements in random forgery, but it
considerably improved the performance of skilled forgery
by approximately 2% of error.

In Table 5, we observed that MCYT100 DTW1 and
DTWS5 showed no effects on random forgery but a modest
improvement in skilled forgery performance. Similar find-
ings were observed in MCYT330 DTW1 and DTW5, where
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adding angles did not show any improvement in random
forgery, but there was a slight reduction in skilled forgery
errors by 0.2%.

SVC2004 DTW1 showed no effects on random forgery,
but there was a relevant positive effect on skilled forgery
performance. In contrast, SVC2004 DTWS5 showed no
impact on random forgery, but it positively affected skilled
forgery with a reduction of 1% of error.

In general, the findings from TEST3 cannot be directly
compared to TEST1 or TEST2 because the first set of fea-
tures was changed. However, the results suggest that adding
pressure to the same features as x and y can improve perfor-
mance. Adding angles along with the pressure can positively
impact performance, but the impact is smaller for better clas-
sifiers and varies across the datasets. Overall, TEST3 pro-
duced the best performance among all the tests. The results
also suggest that the impact of adding angles is positive in
some cases and does not produce any adverse effects in most
cases, except for rare cases.

TEST4

The performance of MCYT100 VQI1 in Table 4 was
observed to be the same as that of TEST?3, with no relevant
effect found in the fusion. However, the performance in ran-
dom and skilled forgeries improved slightly in MCYT100
VQS5, with a reduction of 0.1% and 0.5%, respectively, in
both experiments.

No effects were found when fusing set 2 in MCYT330
VQI1, and a similar finding was observed in MCYT330
VQ5. The more reference signatures and users in the data-
base, the less impact there was on the performance by fusing
set 2. In contrast, fusing set 2 produced good improvements
in skilled and zero effects in random forgeries in SVC2004
VQ1 and SVC2004 VQ5.

In MCYT100 DTW1 in Table 5, both random and skilled
forgery performances were somewhat reduced. Observations
to MCYT100 DTWS5 showed that only the skilled forgery
was reduced (0.1% of error), with no effect on random for-
gery. Alphas were around 0.9 in MCYT330 DTW1, resulting
in modest effects in both experiments. MCYT330 DTW5
showed a slightly positive impact in skilled forgeries.

SVC2004 DTW1 showed an almost stable effect in
random forgeries but a high reduction in skilled forgeries
(from minDCF=21.67% to minDCF = 18.58%). The same
observation was made in SVC2004 DTWS5, with a modest
performance reduction in skilled forgeries. Skilled forgeries
detection was found to be the most challenging experiment.
In some cases, performance improved. However, improve-
ments were not observed in the case of random forgeries,
possibly because the performance in random forgeries was
quite low compared to skilled forgeries.

Comparing combined 4 with combined 3, an improve-
ment was observed in set 4 for VQ5_100, but not signifi-
cantly in DTW. Replication of p in the second set did not
produce a significant improvement. In general, the study
showed that while the impact of different techniques varied
depending on the experiment, the global best performance
was observed in TEST3.

Conclusions

In summary, this paper has investigated the impact of com-
mon features in signature verification using two automatic
signature verifiers with various training signatures and
databases. Our analysis focused on five features acquired
by the majority of digitizers, namely the signature trajec-
tory (x,y), pressure (p), and pen-tip angles (azimuth and
elevation). We observed that the combination of pressure
with x and y features resulted in a consistent improvement
in performance across the databases and experimental pro-
tocols. However, the pressure alone had low discrimina-
tive potential in signature verification. Adding the pen-tip
angles to the pressure in the same feature set produced
mixed results, with some cases showing improved perfor-
mance and others remaining stable or slightly degraded.
Moreover, we observed that including pressure in the same
set of features as x and y can lead to better performance.
Overall, our results suggest that careful selection and com-
bination of signature features are crucial for improving
the accuracy of automatic signature verification systems.

Worth to mention that this feature vector splitting can
be applied to other classifiers to reduce the dimensional-
ity problem and to bring light to the contribution of each
feature to the classification accuracies. While we have
applied the vector splitting strategy in an e-security appli-
cation (biometric recognition of people), it can also be
used in e-health applications.
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