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ABSTRACT
This paper describes a method to extract stroke
information from static two dimensional images. Our
approach avoids the usage – and thereby the side effects –
of morphological thinning and introduces a heuristic
approach optimized for human handwriting. The
algorithms structure makes it possible to isolate and
independently implement key elements, such as ink
detection or the location of junction points. A local
approach is introduced to estimate the stroke sequence
and thereby determine the relation of different strokes
connected to junctions. Some issues of the algorithm are
highlighted and – as far as possible – also eliminated.
Finally an experimental validation of the algorithm is
presented and evaluated. The recovered strokes can be
used to recover temporal information from the images,
thereby allowing existing off-line handwriting recognition
and signature verification methods to be traced back to
their simpler on-line equivalents.

why static signature analysis is still in focus of many
researchers. Off-line methods do not require special
acquisition hardware, just a pen and a paper, they are
therefore less invasive and more user friendly. In the past
decade a bunch of solutions has been introduced, to
overcome the limitations of off-line signature verification
and to compensate for the loss of accuracy.
This paper is organized as follows: In section 2 related
works are examined to emphasize the need for stroke
extraction in the field of signature verification. Some
existing stroke matching techniques are also shown. Then
in section 3 our algorithm is introduced and explained in
detail. The last two sections of the paper show some of
our latest experimental results and conclusions drawn
from them.
It is also important to note, that this algorithm is part of a
bigger project (see references) therefore this paper will
not try to cover the whole process of signature verification
in detail, allowing us to focus on the stroke extraction
problem.

KEY WORDS
signature verification, curve fitting, stroke recovery

2.
1

Introduction

One of the main limitation off-line verifiers have to face
is the absence of temporal information, which can be used
to give an almost unambiguous matching between
selected features of both signatures. This allows on-line
methods to concentrate on the comparison of the given
features [1] [2]. To give off-line signature verifiers the
same opportunities, the whole process of signing should
be reconstructed, which can only be based on stroke
extraction. Several stroke extraction methods have been
introduced in the past. Some robust stroke extraction
solutions have been developed for the purpose of
recognizing handwritten text [3] [4] and there seems to be
an extensively wide range of studies of extracting strokes
from Chinese characters [5] [6] [7] [8]. However, these
methods tend to work at a high level of abstraction (they
focus on recognizing letters and words) and are thereby
not suitable for detecting the fine features used in
signature verification.

Signature recognition is probably the oldest biometrical
identification method, with a high legal acceptance. From
the technical perspective, it can be divided into two
classes, the off-line (aka. static) and the on-line signature
recognition problem. In the prior case the only input
consist of scanned images of signatures, whereas in the
latter case the whole process of the signing is recorded
with a capturing device (digital tablet, camera, etc.).
Examining the literature of the past decades it can be
shown that on-line signature analyzers outperform off-line
analyzers by a whole magnitude. This can be explained by
the fact that they can take advantage of the dynamic
features like acceleration, velocity and the difference
between up and down strokes. However in the most
common real-world scenarios, this information is not
available, because it requires the observation and
recording off the signing process. This is the main reason,
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Another class of methods is based on simple line tracing.
Either because the resolution of the signature is already
low [9], or because (as in the most of the cases) they
apply some line thinning algorithms [10] [11] [12] the
loss of semantically important information (based on the
list of 21 discriminating elements of handwriting used by
forensic document examiners [13]) is high. Although
these methods (as one of our previous works [14]) can
deliver comparable results to other solutions [15] they are
hard to improve above a given level.
Jose L. Camino et al. [9] guess the pen movements during
the signing by starting at the left and bottom most lineend and then following it in the original image. There are
also other approaches trying to reconstruct the signing
process. In [16] stroke, and sub-stroke properties are
extracted and used as a basis for the comparison. A threestage stroke extraction method, involving an interesting
stroke following method has been proposed in [17].
However, this only targeted characters and graphemes.
Based on own experience, these latter approaches seem to
be the most promising, because their results can be
explained (and therefore improved).

3.
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Free point: any pixel which has a minimum
distance of d from any previously detected
stroke point.



Connected points are pixels which can be
connected with a straight path consisting only
of signature points

Using the above definitions, the algorithm is defined as
follows:
Step 1. – Locate a signature point
Going from the bottom to the top and from the left to the
right, locate the first free signature point (P). This point is
going to be the starting point of our next stroke. S:=P
If there is no free point, then exit.

Proposed method
In the following section a robust algorithm is introduced
with the purpose to identify the way how the signer wrote
his signature. The main goal was to create an algorithm
that performs well on noisy, unprocessed images. (In our
experiments an average image had a resolution of
800*400 pixels, with a color depth of 32 bits; no
preprocessing – like noise filtering or morphological
closing – was performed.)
In general, this method traces a signature using the image
of it, extracts control points, determines their order, and
finally assigns them to strokes. This gives a graph
representation of the signature, which can be used for
further processing.

Step 2. – Find connected stroke points
Examine all points of a circle with a center S and radius r.
More than p/2 adjacent signature points on the circle
which are connected with S define arcs. Select the
weighted middle points (A1, A2…An,) of these arks as
possible stroke points.
Deselect all Ai where Ai is not free, or not connected with
S. (see Fig. 1.)
Step 3. – Finish the stroke (if needed) and repeat

3.1 Basic stroke extraction algorithm

If count(selected A) is

First, some definitions must be introduced:

0:
1:






Signature point: a pixel in the image, which
belongs to the signature.

>1:

Stroke point: strokes are in fact polylines
represented by the endpoints of their
segments. These endpoints are called here
stroke points

Finish the current stroke and go to Step 1
Take the ark point as the next stroke point
(S:=A) and go to Step 2
finish the stroke and begin two (or more) new
strokes with starting point S, and take A1, A2…
as the second point. Now, follow Step 2 for each
of them.

Fig. 2. shows this logic in a form of a flow chart, a sample
run of the algorithm is illustrated in Fig 3.

Constant values
o p: the average pen width (in pixels)
o r: the radius of the scanning circle
(in pixels)
usually r = p * 2
o d: constant value, must be smaller
than r usually d = r - 1
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(1)

There are still several elements, which can strongly affect
the performance of the algorithm. First of all the
definition of “signature point” deliberately does not state,
how to determine, whether a pixel is part of the signature,
or not. The most direct way would be to perform a noise
filtering and a binarization of the original image, maybe
also perform a morphological closing. This may be
adequate for handwriting recognition, but in the field of
signature verification every single pixel value can be of
great importance, therefore a more sophisticated
implementation was chosen. Instead of binarization, the
pixels of the image are divided into three classes, using
two (currently fixed) intensity thresholds.

Fig. 1: Demonstration of step 2 from the stroke extraction algorithm.
The dark circle in the middle represents S, the dotted line is the scanning
circle around S with radius r, the located arcs are shown in black around
the circle.

Every pixel which has an intensity above the higher
threshold is assigned to the “ink” class. These pixels
probably belong to the signatures. Every pixel with
intensity values under the lower threshold is probably
only a part of the paper and is assigned to the “paper”
class. All other pixels (with intensity values between the
lower threshold and the higher threshold) are assigned to a
new class called “undefined”.

Locate a free signature
point and begin a new
stroke

Identify neighbour points
(connected, free stroke
points in a radius of r)

In step 1 a pixel is considered to be a “signature point” if
in a radius of p/2 pixels around it at most 20% of the
pixels belong to the paper class. (This limit was found to
yield the best results. However this could vary depending
on the noise ratio and ink type.)
However to improve performance in step 2 only pixels on
the circle around S are considered, and even a single pixel
belonging to the paper class can break a row of adjacent
pixels. This allows a good separation of near strokes (like
the ones in the bottom of Fig. 1.). In both cases at least
50% of the pixels must belong to the “ink” class.
The definition of connected points needs also some
adjustment. Connected points are pixels which can be
connected with a straight path consisting only of ink and
undefined points where the number of connected
undefined points cannot exceed p/4, and the total number
of undefined points must be less than the total number of
ink points

N

Y
Count of neighbour points = 1

Append the point to the
current stroke

Finish the stroke

N

Y
Count of neighbour points = 0

Begin new strokes starting with the
endpoint of the previous stroke
followed by a neighbour point

Fig. 2: Flowchart of the stroke extraction algorithm

3.2 Parameterization and extensions
In the field of pattern recognition the usage of fixed
thresholds and parameters is usually a bad idea [18], but
in some cases it is also inevitable. The fixed parameters
(p, r and d) used in the algorithm are all defined as a
deterministic function of the image contents (p) or of each
other (d, r), thereby allowing the algorithm to be applied
to different pen types and different resolutions without the
need for manual adjustments. (In our experiments p is set
to a fixed value of 8 for 600 dpi images)

Fig. 3: Sample run of the basic stroke extraction algorithm. Strokes are
numbered and marked by the dark lines. Scanning circles are illustrated
in light gray color. 22 strokes have been located in the signature
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3.3 Stroke sequence estimation
When reaching junction points several new strokes are
defined. This is a necessary side effect of the algorithm,
which can be easily eliminated in a post processing step.
The aim of the stroke sequence estimation is to combine
these strokes in a way, such as the resulting strokes
correspond to the original handwritten strokes. In Fig. 4
this would mean that a1 and a2 (and similarly b1 and b2)
have to be combined into a single stroke.

Fig. 5: The number of strokes could be reduced from 22 to 11. Still not
perfect, but much better.

3.4 Adaptive circle radius
Although the original algorithm performs well when
following straight lines, curves and even when detecting
junctions but the high value the scanning radius (r) makes
for it impossible to correctly detect sharp curves in the
original strokes. This can result in the detection of
phantom strokes (see Fig 3a).

Fig. 4: The stroke extraction algorithm detects 4 different strokes (a1, a2,
b1, b2) in the image, with one common point.

After the stroke extraction algorithm – because of step 3 –
connected strokes will have common endpoints, therefore
these common endpoints can be used to locate the
junctions. A junction point is the meeting point of at least
3 but possibly more strokes.
There are several existing solutions for stroke sequence
estimation in the literature. In [19] a mainly local
approach is taken by examining typical patterns on
thinned images. [20] and [21] take a more generic
approach by encapsulating local and global heuristics in
the algorithm. As [21] states, to make optimal decisions,
almost every combination of strokes must be examined
which yields to a combinatorial explosion. To avoid it,
our approach is limited to local decisions (only one
junction is considered for examination at a time) which on
the other side makes it possible to make the best possible
local choice. Let n be the count of strokes starting from a
common junction point. It is assumed, that at least 𝑛/2
stroke pairs have to be combined, therefore all possible
stroke-pair combinations are examined. A distance
function which calculates the differences of tangents at
the junction points (this could be refined in future
versions) is applied to each stroke pair, to calculate the
goodness of the matching. From all of the combinations,
the best combination is where the sum of distances is the
lowest.
A sample run of the improved algorithm is demonstrated
in Fig 5.

a)
b)
Fig. 6: Stroke detection with constant (a) and with adaptive (b) scanning
radius.

To tackle this problem Step 2 is modified to allow the
changing of r. When the angle between two stroke
segments falls below a given angle or the number of
points in an ark goes significantly beyond the pen width
(p) a new scanning circle is tested with a reduced radius.
The radius is decreased several times if necessary but – of
course – it cannot get under p/2. In the next iteration Step
2 will start with the reduced radius, but contrary to the
previous case it will try to increase the radius if it can,
whilst maintaining a maximum value of 2p,
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detected strokes in a signature. Fig. 8 shows the number
of signatures with given deviations in stroke counts. It can
bee seen, that our algorithm almost always overestimates
the count of strokes, which can be tracked back to the
fact, that nearby strokes have not always a common point
(as assumed in 3.3). Therefore the connection of nearby
strokes is not always possible (Fig 9).

Fig. 7: Improved stroke extraction on a reconstructed signature
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Fig. 9: 13 strokes are detected instead of the original 4.
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However, the results are still promising, because these
“extra” strokes are detected in the same way in all
signatures. The average of standard deviances within a
signature is 1.7 which means that the detected stroke
counts are relatively stable which makes a perfect base for
further comparison methods.
The average processing time for a signature (on Pentium
4, 3GHz computer) was 0.921sec.

0
-13-10 -7 -4 -1 2 5 8 11 14 17 20 23 26
Fig. 8: The distribution of the deviations in the number of strokes of our
stroke extraction algorithm compared to the original stroke counts. (Yaxis: number of signatures, X-axis: deviance). The initial peak is a result
of the correctly identified stroke counts (zero deviation)

4 Experimental results
5 Conclusion

Because of the use of several heuristic methods in the
algorithm, a continuous monitoring of the accuracy was
essential. Although we were able to validate single cases
with human interaction on our database [22], a statistical
validation is hard to obtain, because of the missing on-line
information. To compensate for this, the database of the
Signature Verification Competition 2004 [23] was used.
This is an on-line signature database therefore it already
contains the original stroke information, but no images are
provided. The stroke information was used to synthesize
signatures similar to the original ones. Stroke points were
connected with straight lines, fading out on the line
borders. Bicubic interpolation and anti-aliasing were used
to make the final image smoother. An example of
reproduced signature can be seen on Fig. 7 and Fig. 8.
Although these signatures are still far from good
forgeries, they are adequate for testing our stroke
extraction algorithm. 1600 signatures from 40 signers (20
originals and 20 forgeries from each) ensure a sample
large enough for our purposes.
Without going deeper into the semantics, a rough
comparison can be given by comparing the numbers of

A method has been proposed for detecting and efficiently
representing strokes in scanned images of handwritten
signatures. Several related problems were introduced and
solved and it has been demonstrated that applying these, a
higher accuracy can be reached. This makes the algorithm
a suitable base for further use in a signature verification
process, which is subject to our ongoing researches and
will be targeted in our future works.
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