
Forensic analysis of handwritten
documents with GRAPHJ

Luca Guarnera
Giovanni Maria Farinella
Antonino Furnari
Angelo Salici
Claudio Ciampini
Vito Matranga
Sebastiano Battiato

Luca Guarnera, Giovanni Maria Farinella, Antonino Furnari, Angelo Salici,
Claudio Ciampini, Vito Matranga, Sebastiano Battiato, “Forensic analysis of handwritten
documents with GRAPHJ,” J. Electron. Imaging 27(5), 051230 (2018),
doi: 10.1117/1.JEI.27.5.051230.



Forensic analysis of handwritten documents with
GRAPHJ

Luca Guarnera,a Giovanni Maria Farinella,a Antonino Furnari,a,* Angelo Salici,b Claudio Ciampini,b Vito Matranga,b and
Sebastiano Battiatoa

aUniversity of Catania, Image Processing Laboratory, Dipartimento di Matematica e Informatica, Italy
bRaggruppamento Carabinieri Investigazioni Scientifiche, RIS di Messina, Messina, Italy

Abstract. We present GRAPHJ, a forensic tool for handwriting analysis. The proposed tool has been designed
to implement the real forensic protocol adopted by the “Reparto Investigazioni Scientifiche” of Carabinieri, Italy.
GRAPHJ allows the examiner to (1) automatically detect text lines and words in the document, (2) search for
a specific character and detect its occurrences in the handwritten text, (3) measure different quantities related to
the detected elements (e.g., heights and widths of characters), and (4) generate a report containing measure-
ments, statistics, and the values of all parameters used during the analysis. The generation of the report helps to
improve the repeatability of the whole process. The experiments performed on a set of handwritten documents
show that GRAPHJ allows one to extract quantitative measures comparable to those acquired manually by an
expert examiner. We also report a study on the use of the relative position of the superscript dot of the “i” char-
acters as a parameter to infer the identity of the writer. The study has been performed using GRAPHJ and illus-
trates its value as a forensic tool. © 2018 SPIE and IS&T [DOI: 10.1117/1.JEI.27.5.051230]
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1 Introduction
The analysis of handwritten documents is the forensic proc-
ess of detecting the peculiarities of human writing in order to
assess the identity of the writer.1–4 The process aims at
detecting the distinctive traits of handwritten text arising
from the specific motor patterns of the writer. Such traits
include the shape of the stroke and the relative positions
and dimensions of words and letters.

To properly reduce the bias of the forensic examiner,
handwriting analysis requires the adoption of a quantitative
and repeatable approach. Handwriting analysis should be
also robust to the different possible variations in writing
due to intrinsic and extrinsic causes, such as, for instance,
different writing speeds, dissimulation, and available space.
This has fostered research on approaches based on graphom-
etry, which take into account different quantifiable features
of handwritten text.2,5–12

Despite the guidelines offered by the aforementioned
studies, forensic handwriting analysis still tends to be a
highly unstructured process, always guided, and potentially
biased by the experience of the forensic experts. To stand-
ardize the process and simplify its documentation and repeat-
ability, we propose GRAPHJ, an automated tool for
handwriting analysis. The tool implements several algo-
rithms for the automated detection of the relevant elements
of a handwritten document, as well as for the measurement
of important quantitative measurements. For instance,
GRAPHJ implements the automated detection of text lines
and words in a handwritten document and allows one to
search for all occurrences of specific characters. It also
allows one to generate a report of the performed analysis

including quantitative statistics and measurements, thus sim-
plifying the reporting phase of the process. GRAPHJ has
been developed to follow and support the handwriting analy-
sis protocol of the RIS (Reparto Investigazioni Scientifiche,
Arma dei Carabinieri), Italy. As such, it has been tested and
is currently considered in the protocol used by RIS,
Carabinieri in Italy, where it has proved to be a powerful
tool to improve and automate the objective analysis of hand-
written documents.

In the following, we first discuss the related works in
Sec. 2. In Sec. 3, we present GRAPHJ, describing the typical
workflow and the details of all algorithms therein involved.
In Sec. 4, we report experiments to evaluate the performance
of GRAPHJ with respect to standard examination techniques
carried out by experts. We also investigate whether the rel-
ative placement of the superscript dot on “i” characters can
be used as a parameter to infer the identity of the writer. The
reported analysis has been carried out using GRAPHJ.
Section 5 concludes the paper.

2 Related Works
Many researchers have considered the problem of handwrit-
ten document analysis to assess the identity of the writer.
Hayes3 highlighted the importance of absolute dimensions,
which reflect the movements of hands and fingers influenced
by individual expression. For instance, some people produce
small writing, whereas others are characterized by a taller
one. The work of Koppenhaver10 revealed that the study
of character heights is valuable for the identification of
the range of variability of the writer. Morris11 pointed out
the importance of analyzing the dimensional parameters
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comparing absolute and relative quantities. Such an analysis
based on the assessment of speed, slope, and style can be
useful to identify an attempt of forgery. Kelly and
Lindblom12 studied the ratio of the heights of lowercase
and uppercase letters and showed that such value can be
used to identify the writer.

Other researchers proposed computational approaches to
perform writer identification and verification. Schomaker13

revised general background and methods for writer identifi-
cation and verification. Brink et al.14 proposed to encode a
subject’s handwriting as a mixture of handwritings of typical
writers. Schlapbach et al.15 proposed a method to identify the
author of text handwritten on a white-board. To perform the
analysis, the authors collected a dataset comprising samples
from 200 different writers (DW). Bulacu and Schomaker16

designed a method to extract probability distribution func-
tions from handwriting images to characterize writer indi-
viduality. The method is developed to be independent of
the textual content of the documents. Saad17 designed a sys-
tem for writer identification from offline Arabic handwritten
text. The method combines fuzzy logic and genetic algo-
rithms to fuse the extracted features and cope with the ambi-
guity of handwriting similarities. Shivram et al.18 proposed
to model writing styles as a shared component of an individ-
ual’s handwriting. To this aim, they developed a theoretical
framework based on latent Dirichlet allocation. Chahi et al.19

designed the “blockwise local binary count” operator to
tackle writer identification of handwritten documents. The
descriptor characterizes the writing style of each writer com-
puting a set of histograms from the connected components
detected in the writing. He and Schomaker20 engineered two
textural-based descriptors for writer identification, namely
LBPruns and COLD. The features are designed to capture
the line information of handwritten texts rather than curva-
ture information. Christlein et al.21 described a method for
writer identification that makes use of densely sampled
RootSIFT descriptors and GMM supervectors for feature
encoding. Exemplar-SVMs are used to train a document-spe-
cific similarity measure. Hannad et al.22 proposed an
approach for writer identification that splits handwriting
into small fragments. Each fragment is described using tex-
ture-based descriptors including histograms of local binary
patterns, local ternary patterns, and local phase quantization.
Two documents are hence compared by computing the dis-
tance between the extracted descriptors.

Handwriting analysis tasks different from author identifi-
cation have also been investigated. For instance, Bhardwaj
et al.23 tackled content-based retrieval of handwritten docu-
ment images by searching of similar handwriting styles
corresponding to a given query image. Ramaiah et al.24 esti-
mated the approximate age of historical handwritten docu-
ments learning a distribution over different styles across
centuries.

While the aforementioned works investigated methods for
automatic analysis of handwritten documents, expert exami-
nation still plays an important role in the forensic practice.
Manual and automatic tools have been proposed to aid this
analysis. Among the others, Fabiańska et al.25 proposed
Graphlog. The tool allows the operator to select all relevant
elements of the text (e.g., words and characters) in order to
extract quantitative measurements such as distances, angles,
and proportions. Other commercial tools have also been

proposed,26 in contrast to previous tools, GRAPHJ has
been designed to follow the well-established protocol
for handwritten document analysis employed by RIS,
Carabinieri, Italy. Moreover, GRAPHJ allows for the auto-
mated detection of elements in order to reduce the amount
of required manual intervention. GRAPHJ has been designed
to be a multimedia forensics tool27 aimed at assisting the
examiner in analyzing digitalized handwritten documents.
To the best of our knowledge and considering the co-
operation with RIS, GRAPHJ is the first tool that follows
a real protocol. Note that this tool has been now adopted
by RIS for their scientific analysis of forensic cases.
Table 1 summarizes the differences between GRAPHJ and
other two related tools: Graphlog25 and Masquerade.26

3 GRAPHJ
GRAPHJ allows one to automate many procedures for hand-
writing analysis. In particular, it allows one to carry out three
automated procedures that are relevant to forensic analysis:
(1) detection of elements of handwritten documents such as
text lines and words, (2) search of instances of a specific
characters throughout the document, and (3) measurement
of quantities such as the distances between words and char-
acters, and the heights and widths of characters. All proce-
dures are automated in order to limit the required amount of
manual intervention. Nevertheless, the examiner can adjust
the relevant parameters at any moment. GRAPHJ has been
developed as a plugin for the ImageJ framework,30 which is a
standard tool to perform image processing tasks. It presents a
graphical user interface that guides the operator through the
analysis of a handwritten document, allowing to perform the
required operations, monitor the output of the various steps,
and adjust the relevant parameters. The tool also allows the
generation of a report detailing the analysis performed and
reporting the values of all measured quantities. The gener-
ated report allows one to improve the repeatability of the
analysis, which is a key point in forensic science. Figure 1
shows the typical workflow suggested to perform handwrit-
ing analysis using GRAPHJ. A video demo of GRAPHJ is
available at our web page.31

Table 1 Comparison of GRAPHJ with Graphlog and Masquerade.
A, automatic; M, manual; NA, not available.

GRAPHJ Graphlog25 Masquerade26,28,29

Search of text lines A NA A

Search of words A NA A

Character search A NA A

Search of writing
areas

A NA A

Height characters A M A

Width characters A M A

Distance between
words

A M A

Distance between
characters

A M A
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3.1 Automated Search of Text Lines
We assume text lines to be composed by three areas: higher,
lower, and median areas, as shown in Fig. 2. GRAPHJ
detects text lines in two steps: (1) detection of median
areas and (2) detection of the lower and higher areas corre-
sponding to each previously detected median area.

Figure 3 shows the procedure employed to search for
median areas while Algorithm 1 reports the related pseudo-
code. The procedure is described in the following:

1. The image is binarized setting to 0 all pixels exceeding
a given threshold T and setting to 1 (white color) all

other pixels. The resulting binary image is denoted
by B;

2. A histogram Hr, counting the number of black pixels
contained in each row is computed (the histogram
is calculated through the histRows() function, see
Algorithm 1, line 3). The histogram is a vector of
N integers, where N is the number of rows in the
image (i.e., the height of the image). Hr½i� contains
the number of black pixels in the i’th row of the binary
image B;

3. The positions of the central lines of median areas are
detected considering all the peaks of the histogram
which values are above a threshold s1 specified by
the user (Algorithm 1, line 6). The peaks are computed
using the findPeaks() function, which returns both
position and values of the peaks, see Algorithm 1,
line 5. The threshold s1 is chosen by the operator
to minimize the influence of noise;

4. The algorithm proceeds to detect the starting ðjÞ
and ending ðkÞ row indexes of each median area.

Fig. 1 The typical workflow of handwriting analysis in GRAPHJ.

Fig. 2 Higher, median, and lower areas of a text line.

Fig. 3 Automated search of text lines. (a) Input image. (b) Binary image. (c) Per-row histogram of the
binary image. (d) Search of median areas (dependent on threshold s1). (e) Search of the starting and the
ending rows of higher and lower areas.
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Considering that the values of the histogram are
expected to decay gradually in a neighborhood of
the corresponding peak, the detection of starting
and ending points of the median areas is done by
searching for the nearest lower and higher rows whose
value is over 1

4
of the peak value (see Algorithm 1, lines

7–14);
5. The algorithm returns the position of the median areas

in the form of a list of starting and ending row
indexes ind.

After the detection of median areas, Algorithm 2 is
employed to detect the starting ðjÞ and ending ðkÞ points
of higher and lower areas. For each pair of indexes contained
in the variable ind (lines 4 to 16 of Algorithm 2), the pro-
cedure searches for the indexes of the nearest upper (lines
5 and 6 of Algorithm 2), and lower (lines 7 and 8 of
Algorithm 2) pixel rows containing only zero valued pixels.
Since the histogram Hr contains the number of nonzero val-
ued pixels in each row of the binary image, the aforemen-
tioned pixel rows can be easily detected by searching for
the corresponding elements of Hr which value is equals
to zero (see the conditions of the for loops in lines 5 and
7 of Algorithm 2). The algorithm returns a list of tuples con-
taining four values: starting row index of the higher area,
starting row index of the median area, ending row index
of the median area, and ending row index of the lower
area. Each tuple represents the position of a text line.

3.2 Automated Detection of Words
The detection of words is carried out starting from the posi-
tion of text lines detected in the binary image B. To this aim,
for each line, we extract an image patch L from the binarized
image B. The detection of words is carried out on an image
patch L in two steps:

1. The boundaries (starting and ending pixel columns) of
each word are detected using a threshold chosen by the
operator. The threshold is referred to as s2 in
Algorithm 3;

2. The correct orientation of each word is determined and
the positions of higher and lower areas are refined for
each word.

The first step of the procedure is summarized in
Algorithm 3 and shown in Fig. 4. A column histogram Hc
counting the number of black pixels contained in each col-
umn of L is computed (the histogram is calculated using the
histCols() function, see line 4 of Algorithm 3). Note that the
computation of Hc is similar to the computation of Hr. To
find the boundaries of each word, the algorithm searches for
sequences of contiguous columns containing only white pix-
els (lines 7 to 16 of Algorithm 3). This is achieved consid-
ering the bins of Hc that contain zero values. If the detected
gap is larger than a given threshold s2, then the starting and
ending column indexes of a new word are appended to the
words list (lines 12 to 15 of Algorithm 3). The algorithm

Algorithm 1 Detection of median areas.

1: Input: Binary image B, threshold s1

2: Output: Histogram Hr , indices ind

3: Hr = histRows(B)

4: i ¼ 0

5: for all ½indMax; valMax � ∈ findPeaks(Hr ) do

6: if valMax > s1 then

7: val ¼ valMax∕4

8: for j ¼ indMax ; j ≥ 0 & &Hr ½j � > val ; j ¼ j − 1 do

9: end for

10: for k ¼ indMax ; k < lengthðHr Þ & &Hr ½k � > val ;
k ¼ k þ 1 do

11: end for

12: ind ½i � ¼ j

13: ind ½i þ 1� ¼ k

14: i ¼ i þ 2

15: end if

16: end for

Algorithm 2 Detection of corresponding higher and lower areas.

1: Input: Indices ind, histogram Hr

2: Output: List areas

3: Set areas to an empty list

4: for i ¼ 0; i < lengthðindÞ; i ¼ i þ 2 do

5: for j ¼ ind ½i �; j > 0 & &Hr ½j � ≠ 0; j ¼ j − 1 do

6: end for

7: for k ¼ ind ½i þ 1�; k < lengthðHr Þ − 1 & &Hr ½k � ≠ 0; k ¼ k þ 1
do

8: end for

9: if i > 0 & &ðHr ½j � ≠ 0jjj ≤ ind ½i − 1�Þ then

10: j ¼ arg minhðHr ½h ¼ ind ½i − 1��; Hr ½h ¼ ind ½i ��Þ

11: end if

12: if i < lengthðindÞ − 2 & &ðHr ½k � ≠ 0jjk ≥ ind ½i þ 2�Þ then

13: k ¼ arg minhðHr ½h ¼ ind ½i þ 1��; Hr ½h ¼ ind ½i þ 2��Þ

14: end if

15: Append tuple ðj ; ind ½i �; ind ½i þ 1�; kÞ to list areas

16: end for
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eventually returns a list of tuples containing the starting and
ending indexes ðis; ieÞ.

Once the boundaries of each word have been detected, the
algorithm refines the position of median, higher, and lower
areas for each word. This step is necessary because words on
the same text line may have different size and orientation.
The procedure is reported in Algorithm 4 and described
in the following. To perform the refinement procedure, an
image patch w is extracted for each word from the binary
image B considering the detected row and column indexes.
The rotation correction procedure in Ref. 32 is used to
detect the correct orientation of a given word. The procedure
works as follows: the corresponding image patch w is
rotated by different angles α sampled from the interval
½−N;N� at step k (lines 7 and 14 of Algorithm 4, function
rotateðw; αÞ rotates word w by α degrees). For each rotated
patch w, we compute a row histogram Hw using the function
histRows (line 8 of Algorithm 4). The correct orientation is
retrieved by selecting the angle α for which the value
maxðHwÞ is maximized (lines 9 to 12 of Algorithm 4).
This outlined procedure arises from the observation that,
if the word is aligned horizontally, the histogram Hw will
be strongly peaked. Once the correct orientation has been
determined, the positions of the correct median, higher,
and lower areas are computed using Algorithms 1 and 2
(see lines 15 and 16 of Algorithm 4).

3.3 Automated Search of Characters
GRAPHJ allows one to search for all instances of a given
character in the handwritten document under analysis. To
this aim, the graphical interface allows the examiner to select
a bounding box around the desired character to be searched.
The definition of the bounding box allows one to select an
image patch T that serves as a template. The algorithm hence
performs a sliding window search over the whole document
in order to locate all possible occurrences of selected

Algorithm 3 Detection of words.

1: Input: Image patch of a text line L, threshold s2

2: Output: List words

3: Set words to an empty list

4: Hc = histCols(L)

5: i s ¼ 0

6: ie ¼ 0

7: While i s < lengthðHcÞ & &i e < lengthðHcÞ do

8: for; Hc ½i s � ¼¼ 0; i s ¼ i s þ 1 do

9: end for

10: for i e ¼ i s þ 1; Hc ½ie � ≠ 0; i e ¼ i e þ 1 do

11: end for

12: if ie − i s ≥ s2 then

13: Append tuple ði s ; ieÞ to list words

14: i s ¼ i e þ 1

15: end if

16: end while

Fig. 4 Automated detection of words.
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character. The size of the search window W is chosen to be
equal to the one of the template T. In order to join robustness
to small rotations, during the search, two additional candi-
date patches are generated by rotating the content of each
search window by 10 deg and −10 deg. For each candidate
search window, a score SW is computed using the procedure
outlined in Algorithm 5 and discussed in the following.
Search windows with scores larger than a threshold set by
the operator are highlighted in the document as correctly
detected character instances.

The scoring function reported in Algorithm 5 counts the
number of black pixels contained in template T, which are
present in window W. The scoring is performed scanning
columnwise both the template T and the search window W.

3.4 Measures
GRAPHJ also allows one to measure some quantitative infor-
mation about words and characters in an automated fashion. In
particular, the algorithm implements two functions:

• automatic computation of the biaxial proportions and
their average;

• automatic computation of the side expansions and their
average.

3.4.1 Automatic computation of the biaxial propor-
tions and their average

Biaxial proportions are the width and the height of the oval
characters (see Fig. 5). To convert such measures from pixels
to millimeters, we use the dedicated functions offered by
ImageJ. For each character, GRAPHJ computes the average
ρi ¼ wi

hi
, where wi and hi are width and height of the i’th char-

acters, respectively.

Algorithm 4 Detection of median, higher, and lower areas for each
word.

1: Input: Array of image patches words, angle range width N , angle
step k

2: Output: List of orientations and line indexes word_areas

3: for all w ∈ words do

4: maxValue = 0

5: β ¼ 0

6: for α ¼ −N ; α <¼ N; α ¼ αþ k do

7: wr = rotateðw; αÞ

8: Hw = histRows(wr )

9: if max(Hw ) > maxValue then

10: maxValue = max(Hw )

11: β ¼ α

12: end if

13: end for

14: wr = rotateðw; βÞ

15: Determine i1, i2, i3, i4, indexes of median, higher and lower
areas of wr using Algorithms 1 and 2

16: Append tuple ðβ; i1; i2; i3; i4Þ to list word_areas

17: end for

Algorithm 5 Scoring function for automated search of characters

1: Input: Template T , window W , and image height im_height

2: Output: Score sc

3: completed = False

4: sc ¼ 0

5: while not completed do

6: xT , yT = find coordinates of next black pixel in template T

7: xW , yW = find coordinates of next black pixel in template W

8: yprev
T ¼ 0

9: yprev
W ¼ 0

10: while yW < im_height && yT < im_height do

11: if jjyprev
T − yT j − jyprev

W − yW jj < jyprev
T − yT j∕2 then

12: sc ¼ sc þ 1

13: end if

14: yprev
T ¼ yT

15: yprev
W ¼ yW

16: yT ¼ yT þ 1

17: yW ¼ yW þ 1

18: end while

19: if no more black pixels to analyze in T or W then

20: completed = True

21: end if

22: end while

Fig. 5 Coordinates ðx; yÞ of a given character and biaxial proportions
(width and height).
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3.4.2 Automatic computation of the side expansions
and their average

The side expansions are the distances between the characters
of a word and the distances between words. Distances
between words are easily computed using the previously
retrieved starting and ending indexes computed using
Algorithm 3. The distances between characters are computed
following a similar procedure. To remove the influence of
the lower and upper termination of characters, only the
median areas of the words are used to segment characters.
Figure 6(b) shows the computation of such quantities.

For each computed distance between characters (denoted
as DðCÞ

j ) and words (denoted as DðWÞ
j ), GRAPHJ calculates

the following ratios:

EQ-TARGET;temp:intralink-;e001;63;481RðCÞ
j ¼ DðCÞ

j

w
RðWÞ
j ¼ DðWÞ

j

w
; (1)

where w is the average width of oval characters.

4 Experimental Analysis and Results
In the following sections, we first discuss the complexity of
the algorithms in Sec. 4.1, then report experiments to assess
the performance of GRAPHJ as compared to standard
manual examination techniques in Sec. 4.2. In Sec. 4.3,
we report a study on the effectiveness of the relative place-
ment of the superscript dots of lowercase, handwritten “i”
letters as a parameter to identify the writer. The proposed
analysis illustrates a real case use of GRAPHJ as a forensic
tool.

4.1 Time Complexity
In this section, we discuss the computational complexity of
the algorithms presented in the previous sections. All com-
plexities are reported using the O-notation and considering
worst case scenarios. We denote the input binary image as B,
its width as w, and its height as h.

The complexity of Algorithm 1 isOðh2Þ þOðw · hÞ. This
is assessed considering the following complexities. The com-
plexity of function histRows (line 3) is Oðw · hÞ. The com-
plexity of the external for loop (lines 5 to 16) is OðβÞ, where
β is the number of peaks in the histogram. β is in the order of
h in the worst case scenario, therefore the complexity of the
for loop is OðhÞ. Function findPeaks scans all peaks in the
histogram Hr, hence its complexity is OðhÞ in the worst case
scenario. The complexities of the internal for loops (lines 8
and 9 and lines 10 and 11) are both OðhÞ.

The complexity of Algorithm 2 is Oðh2Þ. Specifically, the
complexity of the external for loop (lines 4 to 16) is OðβÞ,
hence OðnÞ in the worst case scenario. The complexities of
the for loops (lines 5–6 and lines 7–8) are OðhÞ.

The complexity of Algorithm 3 is Oðw · hLÞ, where hL is
the height of the input text-line image patch L. Please note
that usually hL ≪ h. The complexity of Algorithm 3 is
obtained by considering that of function histCols (line 4)
has complexityOðw · hLÞ in the worst case and the complex-
ity of the while loop (lines 7 to 16) isOðwÞ in the worst case.

The complexity of Algorithm 4 is OðΔ · ww · hwÞ, where
Δ is the number of word patches received as input, and ww
and hw are the largest width and height of input image
patches, respectively. The complexity of the external for
loops (lines 3 to 17) is OðΔÞ. The complexity of the internal
for loop (line 6) is constant because α, N, k are constants in
our implementation. The complexities of functions rotate
and histRows are both Oðww · hwÞ. In line 15, Algorithms 1
and 2 are applied. In the worst case, the complexity of such
operations isOðhwÞ since in Algorithm 1 the findPeaks func-
tion will find only one peak (hence there will be a single
iteration of the external for loop) and, similarly, Algorithm 2
performs a single iteration of the external for loop.

The complexity of Algorithm 5 is Oðw · h · p · qÞ, where
p and q are the dimensions of template T.

It should be noted that in practice the overall time needed
to perform automatic operations on real documents is in the
order of seconds and hence acceptable for the domain
experts.

4.2 Assessment of the Performance of GRAPHJ
To assess the performance of GRAPHJ, we compare the
results obtained with an automated analysis of a handwritten
text, with the results of a classic analysis carried out man-
ually by an expert examiner. The analysis was carried out
on 10 different writing samples, written voluntarily by 10
different right-handed subjects. All documents have been
written in cursive writing and using similar ink and paper.
Each subject has been asked to write the same long para-
graph of text under dictation. The dictated text included
all letters of the Italian alphabet, as well as sentences with
different lengths and complexity.

Each sample has been manually analyzed by a forensics
expert of RIS, who measured the heights of two groups of 40
different letters. The letters have been analyzed in a sequen-
tial way with a degree of precision of 0.1 mm. The first group
comprises measurements of the heights (U) of letters with an
upper elongated stroke on the right or left side, i.e., “l”, “t”,
“d”, “f”, “t”, . . . . The second group comprises the measure-
ments of the body in the median zone (M) of letters without
elongated strokes, i.e., “a”, “c”, “o”, “m”, . . . .

The same analysis has been carried out using the tools
provided by GRAPHJ such as: detection of text lines, detec-
tion of words, search of characters, and measurements of
quantities. Table 2 reports the mean μ and standard deviation
σ for the two groups of letters. The table compares the

Fig. 6 (a) Computation of the space between words. (b) Computation of the spaces between characters.
Only the median part of the words is retained to facilitate character segmentation.
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measurements performed by the forensics expert to those
obtained using GRAPHJ on the 10 documents considered
for the analysis. Table 3 reports the mean absolute percentage
error of the measurements obtained using GRAPHJ as com-
pared to the reference measurements obtained by the exam-
iner. The small error reported in the results highlights the
compliance of the analysis carried out with GRAPHJ with

respect to the standard analysis obtained using classic tech-
niques. Moreover, GRAPHJ allows one to automatically
generate a report of the different operations performed by
the examiner, thus improving the repeatability of the process.

4.3 On the Relative Placement of the Superscript
Dot of “i” Characters as a Parameter to Infer
the Identity of the Writer

In this section, we investigate whether the relative placement
of the superscript dot on “i” characters can be used as a
parameter to infer the identity of the writer. The analysis
is carried out using GRAPHJ and shows its potential as a
forensic examination tool. The proposed study has been car-
ried out analyzing 120 different writing samples. The manu-
script samples have been written in two separate sessions by
60 subjects. 79% of the subjects are males, while the remain-
ing 21% are females. Subjects are aged between 20 and 29.
95% of the subjects have a high school diploma, 4% of them
have a graduate or undergraduate degree, while the remain-
ing 1% have a middle school diploma. 92% of the subjects
are righthanded, the remaining 8% are lefthanded. Each sub-
ject produced under dictation two manuscript samples in two
different sessions. In the first session, the subject was asked
to write on a blank A4 sheet without any marks, while in the
second session, manuscripts were produced on ruled A4
sheets. The distance between lines was about 8 mm. The sec-
ond writing session took place at least 5 h after the first one.
We refer to the manuscripts produced in the first session as
“sheet 1,” while we refer to manuscripts produced in the sec-
ond session as “sheet 7.”

Each of the 60 handwritten documents has been analyzed
using GRAPHJ in order to extract, for 20 different lowercase
“i” characters the ratio between the height of the “i” without
superscript dot (denoted as h1) and the height of the “i”
including the superscript dot (denoted as h). The ratio is
hence computed as

EQ-TARGET;temp:intralink-;e002;326;352r ¼ h
h1

: (2)

The computation of the h and h1 values is shown in Fig. 7.
The total number of r values measured from the collected
manuscript amounts to 1200 instances (20 measurements
for each of the 60 manuscripts).

Table 2 Mean and standard deviation of the heights of the two
groups of letters analyzed by experts examiners using classic manual
protocols and using GRAPHJ. All reportedmeasures are expressed in
millimeters.

Sample Analysis μM σM μU σU

1 Manual 1.99 ±0.59 4.23 ±0.58

1 GRAPHJ 1.91 ±0.40 4.51 ±0.71

2 Manual 2.00 ±0.40 5.26 ±0.50

2 GRAPHJ 1.81 ±0.39 5.18 ±0.60

3 Manual 2.15 ±0.55 4.87 ±0.76

3 GRAPHJ 2.13 ±0.39 4.82 ±0.81

4 Manual 1.81 ±0.53 6.66 ±0.94

4 GRAPHJ 1.84 ±0.45 6.48 ±0.84

5 Manual 2.03 ±0.32 4.65 ±0.86

5 GRAPHJ 2.04 ±0.41 4.32 ±0.78

6 Manual 2.14 ±0.47 4.96 ±0.89

6 GRAPHJ 2.05 ±0.37 5.22 ±1.08

7 Manual 1.70 ±0.55 4.84 ±0.90

7 GRAPHJ 1.58 ±0.34 4.37 ±0.59

8 Manual 2.47 ±0.84 6.17 ±1.38

8 GRAPHJ 2.24 ±0.55 5.66 ±1.03

9 Manual 2.09 ±0.59 5.85 ±0.82

9 GRAPHJ 1.97 ±0.36 5.87 ±0.79

10 Manual 2.38 ±0.43 7.16 ±0.69

10 GRAPHJ 2.19 ±0.37 7.21 ±0.51

Table 3 Mean absolute percentage error for the two analyzed groups of letters. We report results for each of the 10 documents in the dataset and
with respect to the two investigated groups of letters (M and U).

Sample 1 2 3 4 5 6 7 8 9 10

Err% (M) 4.0 9.5 0.9 1.7 0.5 4.2 7.1 9.3 5.7 8.0

Err% (U) 6.6 1.5 1.0 2.7 7.1 5.2 9.7 8.3 0.3 0.7

Fig. 7 Measures of the height of an “i” character with (h) and without
(h1) the superscript dot.
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4.3.1 Consistence of the measurements across
different writing sessions

Table 4 reports the mean μ and standard deviation σ for the
samples of r values measured from the “sheet 1” and “sheet
7” manuscripts. These values are referred to as r1 and r7
respectively. As can be noted, the mean and standard
deviation values for the two different groups (“sheet 1”
and “sheet 7”) are almost equal. This suggests that the meas-
urement is consistent across different writing sessions and
conditions (i.e., using blank or ruled sheets). To verify
this observation, we performed a t-student test on the two
samples and obtained a t-statistic equal to tr ¼ 0.8, which
is below the critical value for a p-value p < 0.05 (i.e., 1.65).

To further assess consistence across different writing ses-
sions, for each writer i, we measured the following value:

EQ-TARGET;temp:intralink-;e003;63;467εi ¼
ri1 − ri7
ri1

; (3)

where ri1 is the mean r value measured on “sheet 1” for writer
i and ri7 is the mean r value measured on “sheet 7” for writer
i. The sample of the computed εi values presents a low mean
equal to 0.02 mm and a low standard deviation of 0.1 mm,
which confirms the consistence of writing across different
sessions.

4.3.2 Use of the measurements to assess
the identity of the writer

In this section, we investigate whether the measured r values
can be used to assess the identity of the writer. The problem
is usually framed as follows: given two manuscript samples,
one from a suspected writer S and the other one from an
anonymous writer A, establish if the documents have been
written by the same writer (SW) (i.e., if S and A are the
same person). In the forensic practice, this is generally
assessed by means of the likelihood ratio (LR),33 which is
measured as

EQ-TARGET;temp:intralink-;e004;63;220LR ¼ PðEjHp; XÞ
PðEjHd; XÞ

; (4)

where E is the new evidence (i.e., a manuscript of known
origin), X is a reference population (i.e., the population of
all manuscripts), Hp is the hypothesis that the two docu-
ments have been written by the SW, andHd is the hypothesis
that the two documents have been written by DW. Avalue of
LR larger than one suggests that the documents have been
written by the SW. A value of LR smaller than one suggests
that the two documents have been written by DW. A value
equal to one denotes the neutrality of the tests, suggesting
that no conclusion can be drawn from the measurements.

Assuming that the measured r values follow a Gaussian
distribution, we quantify the LR value as follows:

EQ-TARGET;temp:intralink-;e005;326;730LR≊ psðμaÞ
ppðμaÞ

; (5)

where

EQ-TARGET;temp:intralink-;e006;326;682ppðxÞ ¼
1ffiffiffiffiffiffiffiffiffiffi
2πσ2p

q e
−ðx−μpÞ2

2σ2p (6)

is the Gaussian distribution of the r values across all manu-
scripts (μp and σp are its mean and standard deviation)

EQ-TARGET;temp:intralink-;e007;326;611psðxÞ ¼
1ffiffiffiffiffiffiffiffiffiffi
2πσ2s

p e
−ðx−μsÞ2

2σ2s (7)

is the Gaussian distribution of r values measured across the
manuscript of the suspected writer S (μs and σs are its mean
and standard deviation), and μa is the mean r value measured
from the anonymous writer A. In order to compute the LR
value, in all our tests we set μp and σp to the mean and vari-
ance of all samples (i.e., μp ¼ 0.46 and σp ¼ 0.08), μs and
σs to the mean and variance of the given suspected writer,
computed from the manuscript of “sheet 1,” and μa to the
mean of the measurements obtained from the anonymous
author, computed from the manuscript of “sheet 7.”

To evaluate the discriminative power of the LR, we con-
sidered two sets of pairs containing respectively documents
from the SW and documents from DW. Figure 8 shows the
Tipplet plot (the inverse of the cumulative distribution func-
tions) with the graphical representations of the PMEHp and
PMEHp probabilities. PMEHp is the probability that LR val-
ues are smaller than 1 knowing that the writers are the same,
while PMEHs is the probability that LR values are larger
than 1 knowing that the writers are different. Ideally,
these two probabilities should be equal to 0, while in our
case we have PMEHp ≈ 0.4 and PMEHd ≈ 0.3.

The proposed analysis suggests the following findings:
(1) the measured values are consistent across different writ-
ing sessions and conditions (i.e., blank or ruled sheets); (2) in
accordance with previous results,34 the ratio between the
height of “i” characters and the positions of the superscript
dots is not reliable to assess the identity of the writer.

Table 4 Mean and standard deviations of the r values measured
from the “sheet 1” and “sheet 7”manuscripts. All values are measured
in millimeters.

μ σ

r 1 0.46 0.08

r 7 0.45 0.08

Fig. 8 Tippet plot.
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5 Discussion and Conclusion
This work has presented GRAPHJ, a forensic tool for the
analysis of handwritten documents that follows the real pro-
tocol adopted by RIS of Carabinieri in Italy. The tool allows
one to automate many operations including the detection of
elements such as text lines and words, the search of charac-
ters, and the measurement of quantities such as the heights
and widths of characters. Our experimental analysis shows
that: (1) measures retrieved with GRAPHJ are compatible
with those obtained through a classic analysis by forensics
experts, and (2) GRAPHJ can be effectively used to perform
the analysis of handwritten documents. The main limit of
GRAPHJ is that algorithms are semiautomatic, which, at
the moment, requires few manual interventions of the oper-
ator to obtain the expected results. Future works will focus
on a further automation of the selection thresholds and on the
use of GRAPHJ as a tool to obtain a labeled dataset useful to
train and test machine learning algorithms, which can be use-
ful to improve the overall framework in order to perform an
automatic analysis.
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