
18 IEEE COMPUTATIONAL INTELLIGENCE MAGAZINE | MAY 2007 1556-603X/07/$25.00©2007IEEE

Stéphane Armand, Michael Blumenstein
and Vallipuram Muthukkumarasamy
Griffith University, AUSTRALIA

Off-line Signature Verification Using an Enhanced Modified
Direction Feature with Single and Multi-classifier Approaches

1. Introduction

Within the field of human identi-
fication, the usage of biomet-
rics is growing because of its

unique properties such as hand geome-
try, iris scanning and fingerprint or DNA
analysis. The use of signatures has been
one of the most convenient methods for
the identification and verification of
human beings. One of the challenges of

signature verification is that a signature
may change depending on behavioral
characteristics such as mood, fatigue, etc.
The signature is termed a behavioral bio-
metric when affected by behavior.

The challenging aspects of automat-
ed signature verification have been a
true motivation for researchers.
Research into signature verification has
been vigorously pursued for a number
of years [3] and is still being explored,
particularly in the off-line mode [1],
[11]. On-line signature verification is
differentiated from off-line
verification by the number
of features readily available
for analysis. The number
of features which may be
extracted from on-line
mediums typically exceed
those obtained through off-line verifica-
tion. For example, time, pressure, and
speed can be extracted from on-line
modes of verification [8]. Previous

approaches, such as that based on fuzzy
modeling and the employment of the
Takagi-Sugeno model, have been pro-
posed using angle features extracted
from a box approach to verify and iden-
tify signatures [4]. Also, the GSC (Gra-
dient, Structural and Concavity) feature
extractor provided results as high as 78%
for verification and 93% for identifica-
tion [7]. Various classifiers, such as Sup-

port Vector Machines
(SVMs) and Hidden
Markov Models (HMMs),
have also been successful in
off-line signature verifica-
tion, with SVMs providing
an overall better result than
the HMM-based approach
[6]. Research into person
identification and verifica-

tion, including physical traits, finger-
prints, and signature analysis has also
been investigated [12].

In the field of pattern recognition,
choosing a powerful set of features is
crucial for both the application and the
classifier. Lv et al. used the direction dis-
tribution, stroke width distribution,
grey distribution, and moment feature
to conduct signature verification [10].

Previous work using the Modified
Direction Feature (MDF) generated
encouraging results, reaching an accuracy

of up to 90.24% for cursive
handwritten character
recognition [9]. As an
extension to previous work,
the research in this paper
adapts, extends, and investi-
gates MDF with signature

images. Specifically, a number of features
have been combined with MDF to cap-
ture various structural and geometric
properties of the signatures being investi-

gated. The verification process implies
the usage of forged signatures, discrimi-
nating the genuine from the forged. In
this paper, we present experimental
results for signature verification using
MDF and propose some modifications of
the features extracted.

2. Methodology
To perform verification or identification
of a signature, several steps must be under-
taken. After preprocessing all signatures
from the database by converting them to a
portable bitmap (PBM) format, their
boundaries are defined to facilitate the
extraction of features using MDF. Verifi-
cation experiments are then performed
with neural-based classifiers. Figure 1 illus-
trates the signature verification process.

2.1. Signature Database
Experiments have been performed by
combining the “Grupo de Procesado Dig-
ital de Senales” (GPDS) signature database
[2] and additional signatures collected by
the authors. The results provided in this
research used a total of 2376 signatures.

From those 2376 signatures, we used
44 sets of signatures; and, for each set,
24 samples of genuine and 30 samples of
forgeries were available. Samples of the
genuine and forged signatures are dis-
played in Figure 2.

2.2. Boundary Extraction
The boundary of each signature must
be extracted prior to the feature
extraction process. The binary image
of each signature is processed, and the
contour is extracted, providing the
first step in the process of reducing the
amount of data describing each pat-
tern. Figure 3 shows the extraction of
a signature’s boundary [9].

One of the challenges of signature
verification is that a signature may
change depending on behavioral
characteristics such as mood,
fatigue, etc.
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2.3. Feature Extraction
The features extracted must be appro-
priate for both the application and the
classifier used. MDF and additional fea-
tures are proposed to provide pertinent
information for the signature verifica-
tion problem. Shape features and geo-
metrical features are commonly
extracted from signature images. Huang
et al. described a method distinguishing
these two kinds of features [5]. 

2.3.1. The Modified Direction Feature
Related work using MDF is described in
Liu and Blumenstein [9]. This technique
employs a hybrid of two other feature
extraction techniques, Direction Feature
(DF) and the Transition Feature (TF). 

DF extracts Direction Transitions
(DT), based on the replacement of the
foreground pixels by their direction val-
ues, which are categorized by five differ-
ent direction numbers: vertical direction
value = 2, right diagonal value = 3,
horizontal direction value = 4, left diag-
onal value = 5 and intersections = 9.
The feature vector is extracted by zon-
ing and computing the most representa-
tive direction values in a given zone.

TF records the Locations of the
Transitions (LTs) between foreground
(1s) and background (0s) in binary digi-
tal images. The image is traversed from
the following directions: left to right,
right to left, top to bottom, and bottom
to top. Each time a change from ‘0’ to
‘1’ or from ‘1’ to ‘0’ occurs, the ratio
between the location of the transition
and the length/width of the image tra-
versed is recorded as a feature. An aver-
aging algorithm is used to obtain a
feature vector of appropriate size in
order to decrease the training/classifica-
tion time. These are based on the
extraction technique present in TF. 

Not only are the locations of the
transitions calculated, but also the corre-
sponding direction values are deter-
mined, facilitating the storage of LTs and
DTs. The width to height ratio feature
was also included to comprise MDF.

2.3.2. The Centroid Feature
Another feature was considered in this
research relating to the dominant angle

of the signature’s pixel distribution,
given by its ‘centroids’. 

First, the signature image was sepa-
rated into two equal parts. The posi-
tion of the centre of gravity in each

part was calculated (A and B in Figure
4). The angle between the horizontal
axis and the line obtained by linking
the two centers of gravity was the fea-
ture added. To convert this angle into

FIGURE 3 Boundary extraction example from a signature: (a) original signature, (b) following
boundary extraction.

(a) (b)

FIGURE 2 Signature samples from the database.
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FIGURE 1 Procedure to identify/verify a signature from a database. 
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the range of 0 to 1 (making it appro-
priate for use with a neural classifier),
calculations were performed with the
coordinates of the centers of gravity. A
right triangle was considered using the
centers of gravity as the extreme points
of its hypotenuse, the row of the first
centre of gravity and the column of the
other, intersecting to form the right
angle.

To obtain the ‘centroid’ feature,
the angle α was first considered in the
left part of the triangle, and then a cal-
culation was performed to normalize
the value to a range of 0 to 1. Equa-
tions (1) and (2) are applied to get this
value. The concept is depicted in Fig-
ure 4. The angle α is illustrated at
point A.

α =
arcsin

(
height

hypotenuse

)

π
(1)

centroid = α + 1
2

(2)

2.3.3. The TriSurface Feature
The surface area of two visually different
signatures could be the same. For the
purpose of increasing the accuracy of a
feature describing the surface area of a
signature, the ‘triSurface’ feature was
investigated as an extension in which the
signature was vertically separated into
three equal parts. The surface area fea-
ture is the surface covered by the signa-
ture, including the holes contained in it.
The total number of pixels in the surface
was tallied, and the proportion of the
signature’s surface over the total surface
of the image was calculated. This process
was used for the three equal parts of the
signature, giving three values between 0
and 1. Figure 5 illustrates this concept.

2.3.4. The Length Feature
The length feature represents the length
of the signature after scaling all the sig-
natures from the database to the same
height. To normalize the value between
0 and 1, the minimum signature length
obtained in the whole database was
considered as 0, and the maximum sig-
nature length was considered to be 1.
The remaining signature lengths were
then converted to values between this
minimum and maximum range.

2.3.5. The Sixfold-Surface Feature
This feature is different from the TriSur-
face feature mainly in two ways. Firstly,
the number of feature values obtained is
doubled to six with the Sixfold Surface.
Secondly, centers of gravity are deter-
mined to assist in the calculation of the
Sixfold Surface features.

The signature image is first divided
into three parts vertically. The center of

gravity is calculated for each of the three
parts, and the signature surface above
and below the horizontal line of the
center of gravity (giving two sub-
sections for each part) was calculated.
The result was a set of six feature values
corresponding to the surface of the six
sub-sections as illustrated in Figure 6.

2.3.6. The Best-Fit Features
The line of best fit usually attempts to
represent a scatter of points in an area. In
order to obtain an approximation for the
signature’s skew, the line of best fit was
calculated using minima and maxima
from the bottom edge of the signature.
Similarly the line of best fit from the top
of the signature was also calculated. The
angles between each of these lines and
the X-axis were calculated, giving two
features. The surface area enclosed
between the two lines became the third
feature. Figure 7 depicts the concept.

To calculate the correlation coeffi-
cient and the line of best fit, we used
the following formulae:

rX Y =
∑

xy/N − (MX × MY )

SX × SY
(3)

bX Y = rX Y
SY

SX
(4)

a =MY − bX Y MX (5)

y =a = bX Y x (6)

Equation (3) is the raw formula used
to obtain the correlation coefficient.
MX and MY are the means of the set of
pixels obtained from the minima and
maxima. SX and SY are the respective
standard deviations. x and y are the
coordinates of the pixels, and N is the
total number of pixels selected. 

To obtain the line of best fit, we
needed to calculate the slope of the
regression, and also to determine where
to place the line on the signature. The
slope was calculated using Equation (4)
and then by multiplying the correlation
between the two variables by the stan-
dard deviations of X and Y.

Equation (5) was the formula used to
determine the intersection at the Y-axis.
That is, it is the point where the regres-
sion line crosses the Y-axis at X = 0.

FIGURE 4 Centroid feature.

A

B

C

FIGURE 5 TriSurface feature.

(a) (b) (c)
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Equation (6) is the formula for the
line of best fit, based on the previous
equations (3), (4) and (5).

2.4. Neural Network Architectures
Two neural network classifiers were
used to verify the signatures: the
Resilient Backpropagation (RBP) neur-
al network and the Radial Basis Func-
tion (RBF) network.

Depending on the purpose of the
verification, it could be justified to use a
single network for the whole database, or
one neural network for each signature.
The usage of a single neural network in
our method not only verified the signa-

tures (i.e. it accepted or rejected the sig-
nature), but it also identified the owners
of the signatures presented to the net-
work. This architecture would be used
most often to verify a signature from a
cheque or a signed document. Multiple
classifiers (i.e. neural networks) might be
used in a situation where a second con-
firmation would be needed from an indi-
vidual after the usage of a primary form
of identification. Experiments using both
configurations were conducted.

2.4.1. Single Neural Network
The database was split into two parts to
perform the training and testing compo-

nents, using a single neural network.
From the genuine set, 20 samples of each
signature were used for training, and 4
for testing. We used 25 samples of each
signature for training the forged signa-
tures and 5 for testing purposes. Parame-
ters such as the number of iterations and
hidden units were varied extensively for
RBP during experimentation; also, the
number of centers was varied between
40 and 10000 for the RBF network.
Both of the classifiers used 45 outputs to
classify the signatures: 44 outputs for each
different set of signatures, and the last
output for the forgeries.

2.4.2. Multiple Neural Networks
In their paper, Ferrer et al. used a sys-
tem in which a signature was verified
using a decision threshold τ( i ) [2].

When a signature was to be verified,
the classifier appropriate to the claimed
signature was used. Each classifier used 2
outputs, accepting or rejecting a signa-
ture. The use of multiple neural net-
works for verification in this research is
similar to the concept described in the
work by Ferrer et al.

Table 1 presents the composition of
the training and testing sets for this con-
figuration. Updating a system using mul-
tiple neural networks is convenient since
the addition of a new signature would
not necessarily require the re-training of
the previous neural networks.

3. Experiments
The signatures were first converted into
a Portable Bitmap (PBM) format in
order to facilitate processing as binary
images. Subsequently, their boundaries
were extracted for further processing.
An adapted version of MDF (including
the new features described in the previ-
ous sub-sections) was used for feature
extraction. The features were values
scaled between 0 and 1 to facilitate
neural network training for experimen-
tation. Java, C, and Matlab were used
for implementing and investigating the
proposed techniques.

3.1. Verification Experiments
Using MDF-CTLFS (a combination of
MDF with all features described in the

FIGURE 7 Best-Fit features. (a) and (b) lines of best fit (top and bottom), (c) surface between
the two lines.

(a)

(b)

(c)

FIGURE 6 Six Fold Surface feature. G1, G2 and G3 are the centers of gravity for the respective
sections (a), (b) and (c).
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previous section), a total of 135 feature
values were obtained. Modifications of
the MDF technique have been pro-
posed to improve classification accuracy,
with the hypothesis that adding distin-
guishing features could improve the
verification rate. Experiments with
MDF merged with each new feature or
a combination of new features were
conducted separately, increasing the fea-
ture vector up to 135 inputs.

The usage of a single neural network
implies that re-training should be per-
formed if any new signatures are to be
added in the database. However, in our
method, identification is also performed
whilst verifying the signature. In other
words, the classifier is not only accept-
ing or rejecting a signature, but is also

identifying the owner. Conversely,
using a single neural network for each
signature (multiple networks) assumed
that the signature’s owner is already
known. We could assume that an ID
card, for example, or any other identifi-
cation means might be used primarily;
and then the owner would have to sign
to confirm his/her identification, instead
of entering a key/password.

3.2. Six-fold Validation
Six-fold cross validation was used in this
research. The signatures from the data-
base were partitioned into six equal sec-
tions in their related type (genuine or
forged). Thus, six sections for the gen-
uine, and six sections for the forged,
resulted from this partition. Five sec-

tions of each were used for training, and
testing was performed with the remain-
ing unseen signature sets. As a result, six
training and testing sets were created;
and experiments were run six times with
the different sets, obtaining varying
results. By doing so, the results for signa-
ture verification were suitably validated.

4. Results and Discussion
This section describes the results
obtained by either employing MDF in
its original version, or with MDF
accompanied by one or more of the fol-
lowing extra features: centroid (C),
triSurface (T), length (L), sixfold-surface
(S) and the best-fit (F).

In the first sub-section (of those that
follow), with the single neural network,
verification was achieved by performing
identification simultaneously. To satisfy
the six-fold validation process, the
experiments were conducted using 6
different configurations on the signa-
tures for the training and testing sets.

In the second sub-section, using the
multiple neural networks, several other
experiments needed to be conducted.
Six-fold validation was also applied, and
a classifier was trained for each signature.

The verification process is different
from identification, as forged signatures
are also part of the database in the for-
mer; the classifier was required to distin-
guish between genuine and forged
signatures. Optimally, results should
show a high acceptance rate for the
genuine and a high rejection rate for
forged signatures. In the following
experiments, 1560 signatures for train-
ing and 546 signatures for testing were
used to conduct verification.

As shown in Table 4 and Table 5,
MDF merged with other features out-
performed the original version of MDF

FIGURE 8 Comparison of RBP and RBF.
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FIGURE 9 Area of the right-tailed hypothesis: t > t0.001.

Do Not Reject H0 Reject H0

0

t(0.001)

3.733

4.934

t

TRAINING TESTING

GENUINE SIGNATURE 20 4
RANDOM GENUINE 172 860
FORGERIES 5 25

TOTAL 197 889

TABLE 1 Set composition for training
and testing each signature.
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for most of the experiments. Using
RBP, the best result obtained reached
an 88% verification rate (v. r.), with
MDF-CTLF. Using RBF, MDF-
CTLFS obtained the best result, reach-
ing 91.21% v. r. Figure 8 illustrates the
comparison between RBF and RBF.

4.1. Single Neural Network
Using the RBF classifier, the results
obtained were better overall in compar-
ison with the RBP classifier. Using dif-
ferent algorithms, and having different
configurations, the comparison between
RBP and RBF is made only on the
basis of the best results obtained from
the experiments conducted. Table 2 dis-
plays the results obtained. The impor-
tance of the cross validation is shown
since the results varied significantly
depending on the sets.

On average, RBF performed better
than RBP, reaching a verification accura-
cy of 89.77%. It might however be noted
that the top verification rate was obtained
with RBP (93.69%) whereas the top ver-
ification rate using RBF was 92.17%.

Our system compared well with
another system described recently in the
literature, which provided an error rate
of 18.50% on a smaller signature data-
base, using the radial basis function with
support vector machines [10].

4.2. Multiple Neural Networks
The results obtained, using multiple
neural networks were significantly high-
er compared to the single network. This
method is also faster to train and test. 

Where a single neural network could
take minutes to perform the training and
testing phases, the usage of multiple
neural networks significantly decrease
this phase, with just a few seconds to fin-
ish each training and testing operation.

Contrary to the results obtained
using the single classifier configuration,
RBP outperformed RBF using multiple
classifiers, achieving an overall verifica-
tion error rate of 1.16% (Table 3), upon
averaging the error rates of the different
signatures. This result is comparable to
the error rate of 2.2% reported in [2],
using Hidden Markov models, although
on a bigger database.

4.3. Comparison between MDF and
MDF-CTLFS using RBF (Single Network)
In order to evaluate which of the feature
configurations were the most successful
between MDF and MDF-CTLFS
(MDF combined with all the features
investigated), it is possible to directly
compare the best results obtained using a
single network. As shown in Table 4,
MDF provided a verification rate of
89.61%, and MDF-CTLFS gave a veri-
fication rate of 91.21%. However, it is
not accurate to conclude that MDF-
CTLFS is definitely better than MDF,
based only on these figures. Another
way is to conduct hypothesis testing.

By observing the results obtained
from identical network configurations,
MDF-CTLFS performed better in
terms of providing a better recognition
rate. It is hypothesized that the popula-
tion mean recognition rate of MDF-
CTLFS is higher than the population
mean recognition rate of MDF.

Hypothesis testing is formulated as
such: let μd be the population mean
verification accuracy between MDF and
MDF-CTLFS; let d̄ be the sample
mean of the difference between MDF
and MDF-CTLFS. The testing was per-
formed at a 0.1% significance level using
the matched pairs method. Let X1
denote each data point obtained by
MDF-CTLFS and X2 each data point
from MDF.

Important figures can be obtained
from the matched pairs. They are 1) the
number of data points, denoted by n, 2)
the difference between two matched
pairs, d = X1 − X2, 3) the sample stan-
dard deviation of the differences

between two sets of data. The differ-
ence between each matched pair value
is displayed in Table 6.

16 data points were taken to perform
the calculation, and a result of 1.454 was
found for the sample mean.

d̄ = 1.454 (7)

Sd =
√∑

(d − 1.454)2

n − 1

Sd = 1.178 (8)

And the hypothesis testing steps are:
Step 1) H0 : μd = 0

Ha lt : μd > 0
Step 2) n + 16, d̄ = 1.454, Sd = 1.178
Step 3) Critical values:

Degrees of freedom = 15
t0.001 = 3.733

Step 4) Test statistic

t = d̄ − μd

Sd/
√

n
= 1.454 − 0

(1.178/
√

16)
(9)

t = 4.943

Step 5) According to the calculation, t
was found superior to t0.001, as shown
in Figure 9. The statistical test used,
provides sufficient evidence to conclude
that MDF-CTLFS has a higher verifica-
tion accuracy on average than MDF (for
the database used) at a 0.1% significance
level. In other words, there is 99.9%
confidence that on average, MDF-
CTLFS outperforms MDF.

4.4. Analysis of the Rates Obtained
with MDF-CTLFS (Single Network)
An advantage of using 45 outputs (44
for the genuine set of signatures, one for

VERIFICATION RATE [%]

SET RBP RBF

1 86.11 85.61

2 85.86 89.14

3 88.89 92.17

4 89.65 90.91

5 87.63 89.65

6 93.69 91.16

SETS AVG. 88.64 89.77

TABLE 2 Signature verification rates
using a single neural network.

VERIFICATION 
ERROR RATE [%]

SET RBP RBF

1 1.21 1.20
2 1.15 1.03
3 1.16 1.31
4 1.19 1.10
5 1.09 1.35
6 1.16 1.31
SETS AVG. 1.16 1.22

TABLE 3 Signature error rates using
separate neural network for each
signature (multiple networks).
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the forged sets) for neural verification is
the possibility of analyzing the output
obtained following experimentation.
Some observations may be made as a
result of experimentation with the high-
est performing feature and classifier
combination (MDF-CTLFS and RBF).

Amongst the genuine signatures, on
average, 88.68% of these were correct-
ly verified, and 93.59% forged were
correctly rejected. No more than 12%
of genuine signatures were rejected as
forged signatures. A maximum of 3%
of the genuine signatures were misclas-
sified as another genuine category.
From one perspective, it could be
preferable to have a signature rejected
rather than misclassified as another
genuine signature.

Amongst the forged signatures, an
average of 93.59% were correctly
rejected. 4.49% was the maximum rate
for the forgeries misclassified as their
genuine signature equivalents. A maxi-
mum of 3.85% were misclassified as
another genuine signature.

4.5. Comparison of Verification Rate
with Other Researchers
It is difficult to compare the results
obtained in this paper with those of
other researchers, as many have used
different databases for experimentation.
However, a general comparison can be
performed with the researchers that
proposed the GPDS database. As men-
tioned previously, the database used in
the current research contains 39 sets of
signatures from the GPDS database; this
was the only subset available when the
experiments were conducted. The full
GPDS database contains a total of 160
sets of signatures.

The proposed system, using a single
neural network classifier for training and
testing, reached a verification accuracy
of 91.21%. In their research, Martinez
et al. obtained their best results with
HMMs, showing a 2.2% error rate using
random forgeries, and a 14.1% error rate
using simple forgeries. The objective of
their verification system was to differen-
tiate the genuine from the forgeries.
Using a random forgery meant that the
signature sample belonged to a writer,

which was different from those used in
the signature model. In this paper, each
single signature from the testing set was
presented to the trained neural classifi-
er for verification. Consequently, a
tested signature, genuine or forged, is
not assumed to be known before being
classified. Hence, although it is diffi-
cult to directly compare the results in
this paper with those presented by
Martinez et al. (due to the difference

in experimental methodology and
database size), it is possible to observe
that the results are favorable in com-
parison. Ferrer et al. obtained an error
rate of 2.2% using Hidden Markov
Models, on a bigger database. Howev-
er, it is interesting to compare this
result with the verification error rates
of 1.16% with RBF and 1.22% with
RBP that we obtained from our
experiments.

VERIFICATION RATE [%]

SET 1 SET 2 SET 3 SET 4 SETS AVG.

MDF 83.33 88.64 87.18 85.16 86.08
MDF-C 84.07 87.91 89.56 87.73 87.32
MDF-T 85.53 86.45 87.55 87.91 86.86
MDF-L 84.43 88.10 89.01 85.35 86.72
MDF-S 83.88 83.52 88.46 86.26 85.53
MDF-F 83.33 87.36 88.28 84.98 85.99
MDF-CT 84.43 87.36 88.46 89.56 87.45
MDF-CL 82.23 87.73 84.98 86.45 85.35
MDF-TL 82.97 86.63 87.18 89.19 86.49
MDF-CS 84.62 89.01 88.28 88.64 87.64
MDF-CF 83.15 88.64 87.18 85.90 86.22
MDF-TF 83.52 87.00 87.91 87.18 86.40
MDF-TS 79.85 89.01 88.46 87.91 86.31
MDF-LF 83.15 86.63 87.00 87.18 85.99
MDF-LS 83.70 88.46 88.83 85.16 86.54
MDF-FS 87.36 87.91 88.64 86.63 87.64
MDF-CTL 81.68 87.36 87.36 87.18 85.90
MDF-CLF 83.15 87.36 89.19 87.36 86.77
MDF-CTLF 87.36 87.73 89.74 87.18 88.00
MDF-CTLFS 83.52 86.63 90.66 87.55 87.09

C = centroid, T = TriSurface, L = length, S = Sixfold-Surface, F = Best-fit

TABLE 4 Results using the RBP (Single) Neural Network Classifier.

VERIFICATION RATE [%]

SET 1 SET 2 SET 3 SET 4 SETS AVG.

MDF 87.91 90.48 89.74 90.29 89.61
MDF-C 88.10 89.74 90.11 89.93 89.47
MDF-T 87.73 90.48 89.93 90.11 89.56
MDF-L 89.01 91.21 90.66 90.66 90.38
MDF-S 89.38 90.11 91.03 91.03 90.38
MDF-F 88.28 90.66 90.11 90.66 89.93
MDF-CT 88.28 90.29 90.11 89.74 89.61
MDF-CL 88.10 90.84 89.74 90.29 89.74
MDF-TL 89.38 87.91 89.38 88.46 88.78
MDF-CS 88.10 90.29 90.66 90.11 89.79
MDF-CF 88.28 91.39 90.11 90.11 89.97
MDF-TF 88.10 90.29 90.84 91.21 90.11
MDF-TS 88.46 90.84 90.29 90.84 90.11
MDF-LF 89.38 91.21 90.84 91.94 90.84
MDF-LS 89.74 91.03 90.48 91.21 90.61
MDF-FS 90.11 89.93 90.84 91.03 90.48
MDF-CTL 89.19 91.76 91.94 91.58 91.12
MDF-CLF 88.83 91.58 90.84 91.39 90.66
MDF-CTLF 88.10 91.94 91.94 92.31 91.07
MDF-CTLFS 88.83 92.31 91.94 91.76 91.21

TABLE 5 Results using the RBF (Single) Neural Network Classifier.
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5. Conclusions
The principal objective of this paper
was to investigate the efficiency of the
enhanced version of the MDF feature
extractor for signature verification.
Investigations adding new feature values
to MDF were performed, assessing the
impact on the verification rate of the
signatures, using six-fold cross valida-
tion. Two different neural classifiers
were used and two methodologies for

verification were applied. The experi-
ments conducted, whereby MDF was
merged with the new features, provided
very encouraging results.

Using RBP, MDF reached an
86.08% v. r., and MDF-CTLF reached
88% v. r. The RBF classifier provided
better results than the RBP classifier
overall with a single network configura-
tion. The best v. r. obtained reached
91.21% with MDF-CTLFS, the combi-
nation of all the features described in this
paper. However, with the multi-net-
work configuration, RBP outperformed
RBF with an error rate of 1.16%.

In future research, investigations will
be conducted to enhance the feature
extraction process. These include further
combinations and investigations of the
features. In addition, a larger signature
database will be collected, including
multilingual signatures, to investigate the
techniques proposed in this paper. Addi-
tional classifiers, including Support Vec-
tor Machines (SVMs), will also be
investigated for verifying the signatures.
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X1 X2 d = X1−X2

84.07 82.42 1.65
86.45 86.08 0.37
87.36 87.55 −0.18
87.00 87.00 0.00
87.73 86.81 0.92
90.29 89.01 1.28
91.94 88.46 3.48
89.74 86.81 2.93
88.10 87.91 0.18
91.58 91.21 0.37
92.86 90.11 2.75
92.67 89.56 3.11
88.83 87.91 0.92
92.31 90.48 1.83
91.94 89.74 2.20
91.76 90.29 1.47

TABLE 6 Obtaining values for
hypothesis testing.
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