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Abstract. This paper presents a study of 25 structural features ex-
tracted from samples of grapheme ‘th’ that correspond to features com-
monly used by forensic document examiners. Most of the features are
extracted using vector skeletons produced by a specially developed skele-
tonisation algorithm. The methods of feature extraction are presented
along with the results. Analysis of the usefulness of the features was con-
ducted and three categories of features were identified: indispensable,
partially relevant and irrelevant for determining the authorship of gen-
uine unconstrained handwriting. The division was performed based on
searching the optimal feature sets using the wrapper method. A construc-
tive neural network was used as a classifier and a genetic algorithm was
used to search for optimal feature sets. It is shown that structural micro
features similar to those used in forensic document analysis do possess
discriminative power. The results are also compared to those obtained in
our preceding study, and it is shown that use of the vector skeletonisation
allows both extraction of more structural features and improvement the
feature extraction accuracy from 87% to 94%.

1 Introduction

Handwriting is a personal biometric that has long been considered to be unique
to a person. Provided this statement is true, handwriting can be used to iden-
tify a person. The methods used by forensic document examiners to determine
whether handwriting is genuine, forged, or disguised, are based on a set of estab-
lished and well documented techniques [1–3]. The techniques have been derived
from experience and are generally accepted by the various forensic laboratories.
Forensic document analysis of handwriting is the examination of the design,
shape, and structures of handwriting. Professional document examiners seek
characteristics of handwriting that are consistent in a person’s normal writing.
These characteristics are called features [4, 3, 1].

Whilst the techniques used by forensic document examiners are intuitively
reasonable, they still lack a scientific basis. In recent court cases the scien-
tific acceptability of forensic document examination that deals with handwriting
analysis has been successfully challenged [5].
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There is a need to determine whether it is possible to establish a sound scien-
tific basis for forensic document analysis. To do this it is necessary to determine
to what extent handwriting is unique to an individual and whether the methods
of handwriting analysis practised by forensic experts can lead to correct and
repeatable results. Since methods of forensic document examiners are based on
structural features of handwriting, it is useful to investigate whether those fea-
tures can be used for writer discrimination. This paper reports the experiments
on automatic extraction of some of the document examiner features from im-
ages of handwritten grapheme ‘th’ followed by analysis of discriminating power of
the features.

2 Background

2.1 Performance of Forensic Document Examiners

A number of tests have been performed under various conditions to demon-
strate that the accuracy of writer identification by forensic document examiners
is significantly higher than that of lay people [6, 7, 8, 9]. Establishing these facts
means that techniques used by forensic document examiners may indeed allow
them to identify authorship with observable accuracy. Hence it is necessary to
verify the claim that it is the techniques and not something else (e.g. pure ex-
perience from having seen a lot of samples) that mainly contribute to the high
writer identification accuracy demonstrated by the experts.

2.2 Establishing Handwriting Individuality

The problem of establishing the individuality of handwriting has received ex-
tensive study during recent years [10–12]. The individuality of handwriting is
formally defined as “given two well-selected samples of handwriting, we can tell
whether they were written by the same person or by two different people with
a high degree of confidence.” [13, 10]. Further research has been carried out to
study the discriminatory power of certain handwriting elements, particularly
words [14], characters [15], and digits [16]. It has been shown that certain char-
acters, especially those with ascenders and descenders, as well as capital letters
bear more individual information than others which agrees with the statements
of forensic document examiners [17, 3]. It has been demonstrated that handwrit-
ing can be used to identify a person with high accuracy.

2.3 Document Examiner and Computational Features

The features of handwriting that are commonly used by forensic document ex-
aminers to determine the authorship are called document examiner features.
Huber and Headrick summarised them in the list of 21 discriminating elements
of handwriting [17]. Many document examiner features are defined vaguely and
thus do not allow reliable measurement with repeatable results.

Features of handwriting that are defined unambiguously and can be measured
from handwriting images are called computational features. It is not necessary
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that a computational feature corresponds to any document examiner feature.
For the study of handwriting individuality any computational features are suit-
able. However, the open question remains whether the methods used by forensic
document examiners allow them to determine the authorship. To answer that
question it is necessary to study how useful the document examiner features
are for writer discrimination. For this purpose we formalise document examiner
features, that is, map them into a set of computational features so that each
computational feature represents some structural element of handwriting.

3 Extraction of Features

According to the classification of features of handwriting in relation to the scale
of extraction all features can be divided into two categories: macro features and
micro features [13]. The macro features are those extracted from the whole docu-
ment image, from lines, and from words up to the character level. Micro features
are those extracted from short consistent character combinations (graphemes),
characters, their sub-parts as well as between-character parts (ligatures). Micro
features are thought to be more endowed with individual traits and are thought
to be harder for the writers to change when attempting to forger or disguise their
handwriting. This study is focused on micro features that correspond to docu-
ment examiner features and which are formalised so that they can be extracted
and measured unambiguously and accurately from handwriting images.

3.1 Choice of Features

Grapheme ‘th’ was chosen for the study because it is the most frequent grapheme in
the English language [18]. It accounts for around 4% of all two-character combina-
tions. Also, our previous experiments showed that the discriminative power of the
grapheme is higher than that of single characters [19, 20]. The features for study
were selected so that they correspond to the structural micro features commonly
used by forensic document examiners [17, 3, 1]. Some of the features are shown in
Figure 1, and the complete list of features is presented in Table 1.

The feature set consists of geometrical characteristics of characters, various
angular measures, loop characteristics, and stroke features. Definition of height
and width as well as the relative position of the top point of ‘t’ T and top point
of ‘h’ H are given in Figure 1. Position of t-bar was a binary feature and was
equal to 1 for a t-bar crossing the stem and 0 in the cases of touching, detached,
or absent t-bar. It was observed that writers who tend to produce t-bars touching
the stem in grapheme ‘th’ also tend to produce disconnected t-bars in that same
grapheme and vice versa. Slant of characters ‘t’ and ‘h’ was defined as the slant of
their stems. Pseudo-pressure was calculated as the gray level of pixels. Retraced
strokes were considered as loops hence the total number of loops and retraced
strokes was measured. Straightness of strokes (t-bar, t-stem, and h-stem) was
defined as the ratio of the total length of the stroke to the distance between
its end points. Presence of loops at the top points of ‘t’ and ‘h’ stems was a
binary feature having the value of 1 when a loop was present and the value of 0
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Fig. 1. Some features extracted from grapheme ‘th’

Table 1. List of features extracted from grapheme ‘th’

Height f1

Width f2

Height to width ratio f3

Distance HC f4

Distance TC f5

Distance TH f6

Angle between TH and TC f7

Slant of t f8

Slant of h f9

Position of t-bar f10

Connected / disconnected t and h f11

Average stroke width f12

Average pseudo-pressure f13

Standard deviation of pseudo-pressure f14

Standard deviation of stroke width f15

Number of strokes f16

Number of loops and retraced strokes f17

Straightness of t-stem f18

Straightness of t-bar f19

Straightness of h-stem f20

Presence of loop at top of t-stem f21

Presence of loop at top of h-stem f22

Maximum curvature of h-knee f23

Average curvature of h-knee f24

Relative size (diameter) of h-knee f25

otherwise. Relative size (diameter) of h-knee was defined as the largest horizontal
distance between the stem and knee strokes.

3.2 Measurement of Feature Values

The origin of the coordinate system is in the upper-left corner of an image, the
abscissa (x) axis is horizontal and directed to the right, the ordinate (y) axis is
vertical and directed downwards. Apart from a sample image itself, its binarised
version as well as its vector skeleton were used for feature extraction.

Height, width, and height to width ratio were measured from the binarised
image by determining the bounding box of the image. The bounding box co-
ordinates x1, y1, x2, y2 correspond to the topmost, leftmost, bottommost, and
rightmost black pixels on the image. The feature values were calculated as

f1 = y2 − y1 + 1, f2 = x2 − x1 + 1, f3 = f1/f2 (1)
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Average stroke width f12 was estimated from the number of foreground pixels
Ns and edge pixels ND in the binarised image as

f12 ≈ 2Ns

ND
(2)

Pseudo-pressure was estimated from the grey levels of the image pixels. Let the
set of foreground pixels be S and the intensity of a pixel be I(x, y), black = 0 ≤
I(x, y) ≤ 1 = white. The average pseudo-pressure is thus

f13 =
1

NS

∑

(xi,yi)∈S

I(xi, yi) (3)

And the standard deviation of the pseudo-pressure is

f14 =

√√√√ 1
NS − 1

∑

(xi,yi)∈S

(I(xi, yi) − f13)2 (4)

Other features were calculated from grapheme skeletons. The skeletons were
produced by a specially developed content-dependent skeletonisation algorithm
capable of producing skeletons that are very close to the human perception of the
pen tip trajectory [21]. The skeletonisation algorithm also restored some hidden
loops. The resultant skeletons were presented as a set of spline-approximated
strokes, including retraced strokes and loops.

Slant value was calculated by taking a set of sample points si along each
spline-approximated stroke that represented the element of interest (ascender,
descender, etc.) and calculating the angles of tangents in these points αi =
arctan ki. The slants f8 and f9 were calculated as the weighted average of those
angles:

αslant =
∑

i liαi

L
(5)

where li is the length of the corresponding curve segment (see Figure 2(a)),
L =

∑
i li is the total curve length. The slant values were within the range

−π/2 ≤ αslant < π/2. To extract some features that represent relative position
of characters ‘t’ and ‘h’ in the grapheme, the relative position of top stem points
was measured along with the slants of the ‘h’ and ‘t’ stems. Detection of the
top points was made by first detecting all the end points in the upper half of a
sample image and then tracing the branches from those end points to determine
which of them correspond to the elements of ‘th’. All connected components in a
sample image were detected. If the top of the stem points belonged to a different
connected component, characters ‘t’ and ‘h’ were disconnected, otherwise they
were connected (binary feature f11).

Number of strokes f16 and number of loops and retraced strokes f17 were
available directly from the skeleton as well as the presence of loop at the top of
t-stem and h-stem (f21 and f22).

Standard deviation of stroke width f15 was extracted by taking a set of closely
sampled points on the skeleton curves and measuring the cross-section of the



Extraction and Analysis of Document Examiner Features 201

strokes on the underlying binarised image as shown in Figure 2(b). The obtained
measurements were then used to calculate the feature value.

Straightness of a stroke (t-stem f18, t-bar f19, h-stem f20) was calculated as
follows: if the distance between the two end points was d and the length of the
stroke was L, the straightness of the stroke was given by

straightness =
L

d
(6)

It was close to 1 for a straight stroke, and significantly larger for a curved stroke.
Maximum and average curvature of a stroke (h-knee) f23, f24 were calculated

by taking closely sampled points along the curve, calculating the curvature at
each point, and taking the largest value of the curvature and the average of the
curvature.

Relative size of h-knee f25 was calculated as the largest distance from h-stem
to the h-knee curve as shown in Figure 2(c). It was approximately calculated as
the largest horizontal distance between the curves representing the stem and the
knee divided by the width of the grapheme f2.

Algorithms for feature extraction consisted of a main program and subrou-
tines for extraction of particular features. The input to the algorithms was
a grapheme image, the output was the feature vector along with additional
information which was later used to verify correctness of the feature values.
Obviously it was impossible to write algorithms for all possible shapes of the
grapheme. However, it was observed that for most samples of each grapheme a
wide variety of shapes could be taken into account. Processing of input im-
ages was performed in several stages. In each stage some features were ex-
tracted and information about the grapheme form, such as position of cer-
tain points and correspondence of branches to certain parts of the grapheme,
was refined. This information was then used in further stages of the feature
extraction.

Sample images of grapheme ‘th’ for feature extraction were manually seg-
mented from 600 images of the CEDAR letter [10] collected from 200 different
writers. The samples were taken only from the beginning of words like ‘the’.
There were at most 27 samples of the grapheme extracted for each writer.

si−2

si−1

si

si+1

. . .

si−1

αi

si+1

l i

(a) Slant

cross-section
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Fig. 2. Some features of ‘th’ extracted from a vector skeleton
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Automatic feature extraction was carried out on the extracted samples of
grapheme ‘th’ and the results were inspected visually. A sample was considered
to be processed incorrectly if either some strokes were detected incorrectly, or
the extraction algorithm failed to extract some features. The total extraction
error rate was 6%.

In order to make the results of the study comparable to those of the previous
study when a raster skeletonisation method was used, samples from the same 165
different writers were chosen for writer accuracy evaluation experiments.

4 Analysis of Feature Usefulness

John et al. [22] analysed several definitions of feature relevance which have been
presented in the literature and proposed a definition that includes two degrees
of relevance: strong and weak relevance. Strong relevance means that a feature
cannot be removed from the feature set without loss of classification accuracy.
Weak relevance means that a feature can sometimes contribute to classification
accuracy. A feature is irrelevant if it is neither strongly nor weakly relevant,
and thus can be excluded from the feature set without loss of classification
accuracy.

The definition of weak and strong feature relevance is hard to apply, since
it is necessary to know the conditional probabilities P (�fk|j) of feature vector
�fk represents a sample of j-th writer. Another approach can be applied. Sup-
pose there is a set of features and all subsets are found that are equally good
for writer classification. “Equally good” means that the classification accuracies
achieved when those subsets are used, do not differ significantly — their aver-
age values are indistinguishable. There are three classes of features according to
their inclusion in the found feature sets: some features are included in all feature
sets, some are not included at all, and the rest are included in some of the sets.
The first category of features comprises of indispensable features, the second
category contains irrelevant features, and the rest of the features are partially
relevant.

To find the best feature subsets, the wrapper approach was used. In this
approach an induction algorithm is used for evaluation of a feature set. A feature
set is assigned a value proportional to its performance — in this study this value
was the accuracy of writer classification. The accuracy was evaluated using 5-
fold cross-validation [23]. The training data was divided into 5 approximately
equal parts and the induction algorithm was then run 5 times each time leaving
one subset for test and using the other 4 parts for training. The classification
accuracy obtained from the 5 tests was then averaged and associated with the
corresponding feature subset.

DistAl, a constructive learning algorithm based on the multi-layer percep-
tron with spherical threshold units, was chosen as a classification system [24].
Use of a constructive artificial neural network has an advantage of not mak-
ing any a priori assumption about the network topology. Instead, elements are
added to the hidden layer as the learning progresses. The maximum number of
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elements can be restricted to avoid overfitting. The learning algorithm is fast
because it does not use an iterative algorithm to compute perceptron para-
meters (weights, thresholds). The most time-consuming part is the calculation
of inter-pattern distances for each pair of patterns. However, this needs to be
performed only once for the whole data. Experiments conducted on both arti-
ficial and real data using the DistAl classifier [24] demonstrated classification
results comparable to those obtained by other commonly used learning algo-
rithms. Since, in the current study, it is not necessary to obtain the highest
classification accuracy possible, but rather the focus is on comparing the clas-
sification accuracy of different feature subsets, the DistAl classifier suits the
task well.

All feature values were treated as real numbers. Having performed several
experiments we chose the normalised Manhattan distance as a distance measure
for DistAl because this measure was shown to be suitable for the problem at
hand:

d
(

�fk1 ,
�fk2

)
=

1
M

M∑

i=1

|fik1 − fik2 |
max fi − min fi

(7)

where M was the number of features, and min fi and max fi were the minimum
and maximum values of the i-th feature in the data set respectively.

A genetic algorithm (GA) was used to implement feature subset selection.
From the studies of De Jong [25] GAs have been extensively used to solve
problems of feature selection in pattern recognition [26–28]. Successful use of
a GA together with the DistAl algorithm has also been demonstrated [29].
In this study GA with sharing [30] was used to find the best feature sub-
sets. Original fitness fits for feature subset xs (represented as a binary string)
was equal to the average correct classification rate accs. Modified fitness was
defined as

f̃ its =
fits∑

j (1 − d(xs − xj))
(8)

where d(xs, xj) is a dissimilarity measure:

d(xs, xj) =
∑

m |xsm − xjm|
M

(9)

Here M is the number of features, or the length of binary strings xs and xj ,
representing a feature subset, and xsm is the m-th bit of string xs. Summation
in eq. (8) is performed across the whole population of strings. The following
parameters were used for the GA:

– population size of 50;
– uniform crossover [31] with probability of 0.6;
– mutation with probability of 0.03;
– replacement strategy in which best strings from parents and offspring form

the next generation;



204 V. Pervouchine and G. Leedham

– linear scaling of fitness function with the factor of 2;
– stop condition was “no new good feature subset during the last 50 genera-

tions”.

The results of the experiments are presented below.

5 Results and Conclusions

There were a total of 3823 samples of grapheme ‘th’ taken from 165 different
writers, with between 15 and 27 samples per writer. Accuracy of classification
was measured by 5-fold cross validation on the DistAl classifier. The best feature
sets were searched using a genetic algorithm with sharing.

The optimal feature sets found are presented in Table 2, where a is the aver-
age writer classification accuracy achieved when the associated feature set was
used, and σa is the standard deviation of the accuracy value. The feature values
of writer classification accuracy presented in the table are indistinguishable at
the 1% confidence level. In a string representing a feature set the value of 1(0)
means that the feature is included in (excluded from) the set. The position of
a digit in a string in Table 2 corresponds to the index of the feature. Table 1
should be consulted to get the name of the feature.

Based on the optimal feature subsets presented in Table 2, division of the
features into three sets of indispensable, partially relevant, and irrelevant can be
performed and is shown in Table 3. As seen from the table, there are only two
irrelevant features in the set, and 17 out of total of 25 features are indispensable.

Features f14 and f15, the standard deviation of pseudo-pressure and standard
deviation of stroke width were the two irrelevant features revealed by the exper-
iment. The former feature was aimed at capturing the stability of pen pressure,
measured from the gray level of an image. It is likely that evaluation of pen
pressure from the image gray level is suitable to capture the overall darkness
(pressure), but not suitable for capturing more subtle pressure variations. The
latter feature was intended to partially represent a “line quality” feature [17].
It seems that the variation of stroke width does not provide a useful informa-
tion about individual line quality and rather represents a random noise which

Table 2. Optimal feature subsets of the ‘th’ feature set, accuracy values, and standard
deviations. Bit 1 corresponds to presence of the feature in the subset, bit 0 to absence
of it. Features are divided into groups of five for convenience.

feature set f1 . . . f25 a σa

11111 11111 11000 11101 11111 0.67 0.04
10111 11111 11000 11101 01111 0.67 0.04
11111 11111 11100 11101 01111 0.65 0.05
11011 11111 11100 11111 11111 0.64 0.04
11111 11111 11100 11101 01111 0.64 0.04
11111 11111 11000 11101 00111 0.64 0.04
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Table 3. Division of features according to their relevance. Feature indices are pre-
sented.

Indispensable features
Height f1 Connected / disconnected t and h f11

Distance HC f4 Average stroke width f12

Distance TC f5 Number of strokes f16

Distance TH f6 Number of loops and retraced strokes f17

Angle between TH and TC f7 Straightness of t-stem f18

Slant of t f8 Straightness of h-stem f20

Slant of h f9 Maximum curvature of h-knee f23

Position of t-bar f10 Average curvature of h-knee f24

Relative size (diameter) of h-knee f25

Partially relevant features
Width f2 Straightness of t-bar f19

Height to width ratio f3 Presence of loop at top of t-stem f21

Average pseudo-pressure f13 Presence of loop at top of h-stem f22

Irrelevant features
Standard deviation of pseudo-
pressure

f14 Standard deviation of stroke width f15

probably depends on writing conditions (pen, paper, writing surface), which were
almost identical for all writers in the current study [10].

The errors in feature extraction were mostly due to wide variation of charac-
ter shapes, some of which were not taken into account by feature extraction al-
gorithms. For practical use of feature extraction algorithms in forensic document
analysis tools an interactive extraction algorithms can be implemented on the base
of the existing ones, which can improve the feature extraction accuracy further.

From the results obtained we conclude that a number of the features com-
monly used by forensic document examiners do possess discriminative power.
Thus, use of those features for distinguishing writers by samples of their normal
unconstrained handwriting is justified. How stable these features are under at-
tempts at forgery or disguise needs to be studied further. Compared to the results
obtained in our previous experiments, where the achieved writer classification
accuracy on the same data set was 58% [20], use of the new skeletonisation algo-
rithm allowed us to both improve feature extraction accuracy to 94% and extract
more structural features, most of which contributed to the set of indispensable
features, which in turn resulted in higher accuracy of writer classification of 67%.
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