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Abstract part of our ongoing investigations within the Trigraph
project [7], we are exploring new methods and tools for
We show a number of promising results in writer forensic document examination. Our investigations focus
identification, by recasting the traditional information re- on the use of allograph-based information. We argued re-
trieval (IR) problem of finding documents based on the cently in [9] that a person’s handwriting can be described
frequency of occurrence of their terms. In IR, the tf-idf by a vector containing the frequence of occurrence of pro-
is a well-known statistical measure that weighs the im- totypical characters, the so-callatlograph membership
portance of certain terms occurring in a database of doc- vector. We will investigate in this paper how membership
uments. Here, writers are searched on the basis of thevectors can be used as a mechanism to index a person’s
frequency of occurrence of particular character shapes: handwriting information, such that it can be employed
the allographs. The results show a high retrieval score. directly for information retrieval. As we will show, our
Moreover, by using the af-iwf (allograph frequency - in- methods yield a high writer identification performance on
verse writer frequency) measure, qualitative and quantita- a moderately sized database (43 writers).
tive analyses can be made that elaborate on the particular ~ The organization of this paper is as follows. Below,
allograph shapes that lead to a successful writer identifi- in Section 2, we explain the concept of allograph mem-
cation. In this paper, we sketch the application of these bership (or allograph frequency) vectors. In Section 3,
techniques in forensic science. the information retrieval system used in this paper is dis-
cussed. The results of our experiments are presented in
Keywords: Writer identification, information retrieval,  Section 4. We conclude this paper with a discussion in

allograph frequencies which we sketch that the outcomes of our experiments can
be used for qualitative and quantitative assessments of the

1. Introduction importance of the particular allograph shapes for writer
identification.

In forensic writer identification, the task is to estab-
lish the identity of the writer of a questioned handwrit-
ten document, by comparing the questioned handwriting
to handwritten samples with known identities which are
stored in a database [3, 12]. The first to address this chal-  In [9], we introduced a method to use a collection of
lenging problem using methods from the well-established prototypical character shapes (allographs) for describing
research area of information retrieval were Bensefia, Pac-a person’s handwriting. A prototype set was generated
quet, and Heutte [1, 2]. In information retrieval, text- through semi-automatic clustering of the characters in the
based documents are indexed and stored in a databaséJNIPEN database [6]. The list of resulting prototypes
Based on a query document, documents are retrieved froncan be used to generate so-called membership vectors, by
the database by computing a query index and retrievingcounting the frequency of occurrence of each prototype,
the documents that most resemble the query. As showngiven a number of handwritten characters from a certain
in [1, 2], the information retrieval approach can be recast writer. Nearest-neighbor search was employed for deter-
such that the query is specified through a questioned handmining whether a certain prototype matched a given in-
written document and writer identification boils down to put character. Matching was performed using the dynamic
retrieving the pre-indexed handwritten documents storedtime warping (DTW) distance function [8].
in the database. The use of allograph memberships is a well-

In this paper, we proceed with this approach. As established method in forensic science [9, 10]. When in-

Membership vectors and the allograph
frequency vector



vestigating pieces of handwriting, experts often compile
lists of allographs that occur in it. They try to distinguish

between common allographs (allographs that can be found

in the handwriting of a large writer population people) and

less common allographs, which are characteristic for only

a limited number of writers. If the same uncommon allo-

graph appears in two documents, chances are higher that i«
they are produced by the same writer, than when two com-
mon allographs occur in both documents. Subsequently,
allograph lists of different documents can be combined
and closely inspected to see how well two pieces of hand-

writing match.

In this paper, we formalize the generation of allograph
frequency vectors as follows. We assume that for eac
writer w, a number of pre-segmented handwritten char-
acter sample€’(w) are available. Given a set of allo-
graph prototypes (the sé&), the allograph frequency vec-
tor af(w) can be computed using a so-callelfiograph
membership functiof9]:

M(P,C(w)) = af(w)

The membership function uses DTW-matching to de-
termine the best matching prototype frdffor each char-
acter sample fron€(w). The number of times each proto-
type is the best match for a sample in the handwriting of
w is af(w),, which represents the allograph frequency of
prototypep for writer w.

3. IR and the allograph weight vector

As we will explain in this section, the writer identi-
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Figure 1. The IR model for writer identification.

3.1.1. Indexing

In IR retrieval applications it is a common practice to

hadjust the weight of terminals: after all some terminals

appear so frequently that their contribution to the retrieval
process is minimal or even negative (cf.stopwords). One
of the most used methods is callddf, which multiplies

the terminal frequency component with a factor which is
calledinverse document frequendyor terminals with an
high occurrence in the collection this factor is small, for
rare terminals it is high.

For writer identification we follow the same reasoning:
we will multiply the allograph frequency with the inverse
writer frequencyaf - iwf. The allograph frequency is the
value found in the previous step, the inverse writer fre-
quency is defined as follows:

2|0 L

g(Wf(p))
wheren = |W|, andwf(p) is the number of writers that
used allographly. Obviously, theiwf factor will be close
to zero for allographs with high occurrences. If we use
af(w) for our af component we can determine afio-

iwf(p)

fication process may be seen as a standard Informatiorgraph weight vector agw) for each writer:

Retrieval task: finding document(s) using a query. Al-
though the use of Information Retrieval (IR) techniques
for writer identification is not new (see [2]) the approach

presented here differs on an essential point: instead of us
ing graphemes we map the input to prototypes which, be-
sides the normal ranking, facilitates visual feedback to a
supervising forensic expert. Instead of just presenting the

top 5 possible writers, the system can justifity it finds
a writer relevant.

3.1. The model

Where IR normally recognizes a setadcumentsnd

a set ofterminals in writer identification we are con-
fronted withwriters (the setit’) and their written text. We
will briefly describe how we use a standard IR model for
writer identification (see Figure 1). As explained in Sec-
tion 2, the writer input will be segmented into sets of char-
actersC(w), mapped on prototypeB using the member-
ship functionM and represented by allograph frequency
vectorsaf(w).

aw(w), = af(w) - iwf(p)

However, most retrieval tools based on Okapi's BM25

T11], use a different formula which enables them to tune

the system with parameteks andb:

B af(w)
aw(w), = af(w) + k1((1 —b) +b- 6(w))

- iwf(p)

whered(w) represents the ratio between the number of
used letters byv, and the average number of used letters
(over all writers). For our experiment we selected the de-
fault valuesk; = 1.2 andb = 1.

3.1.2. Matching

In the matching phase, a query is used to generate a
ranked list of possible writers. The ranking score should
reflect some kind of similarity between the writer and the
query.

Just as we did for the writers, we can segment the
query into character€'(¢) and map them to prototypes.



Subsequently we can determine an allograph frequency4.1. Performance experiment

vector for that queryaf(q). Although it is possible to re-

weight the query allograph frequency vectors, it is com-  This experiment was performed to (i) determine how
mon practice to leave them untouched. As we will see well the proposed IR-based technique (see Section 3) per-
later, linear normalization of the query does not influence forms on the task of writer identification, and (ii) to inves-

the ranking. tigate how much character samples are required to achieve
We now can define the similarity measure between a @ suitable level of performance. We varied the sizes of
gueryg and a writerw: both query and database “documents” by manipulating the

number of available characters per writer for formulating

sim(g, w) = af(q) - aw(w) 1) a query Ng), and for indexing the databadsd).

, . . L Indexed database documents were constructed by ran-
The rationale behind this measure is linked to the (co- domly selecting an equal number N characters from
sine of) the angle between the two vectors, and their rela-y,o yatabase daf. for each writerw in the population.

tion with the vector in-product: if the writer and the query \witer jdentification of a write; was performed by ran-
are highly related, their angle is closg to0 and.thelrcosmedom|y selecting a number dfig query characters from
is near t.o 1. Ifthey are unrelated, their angle will be larger, C/(¢) and returning the ranked list of writers, ordered on
and their cosine smaller. Eq 1. Neither the query documents nor the database docu-
ments were balanced over alphabet letters, to simulate the
3.2. Output real forensic practice, where in most cases the distribution
For each query the model will produce: of available letters is not equal over the alphabet.

The correct identification performance was assessed
by counting for which relative amount of the 43 query
documents (one for each writer) the system was able to
find the corresponding database document. Both query
and database documents were compiled randomly 10
times for each size combinatigig, Nd), such that each
experiment was re-run 100 times. The performance val-
ues reported in this section are the average performances
of these 100 re-runs. The valuefywas varied between
10 and 100 characters, while the valueNtf was varied

All retrieval runs were performed on a standard PC between 100 and 1000 characters. These values corre-
runningBRIGHT, a retrieval engine designed for indexing spond to the daily forensic practice: an average sentence

e Aranked list of writers, ordered by similarity.

e For each entry of the ranked list a justification of
the result. This justification shows the letters in the
guery which were mapped to the ones in the writer's
document together with the impact they had on the
retrieval result.

3.3. Software

and retrieving large databases (see [5]). in English contains about 75-100 letters, and the amount
of available material is often limited to a few handwritten
4. Allograph-based information retrieval sentences.
In this section, the first results of information retrieval Two measures were used to evaluate the performance

based on the a”ograph We|ght Vecam](w)are presented_ of the SyStem, given SpeCifiC query and database sizes. In
For our experiments, we used a database available in outhe first methodtop-1), the relative amount of writers that
department, th@lucoll set. This database contains low- Were correctly identified by the system (i.e., the database
ercase handwritten words, segmented into characters, andocument corresponding to the writer of the query doc-
written by 43 writers. Each writer was requested to gen- Ument was ranked by the system at the first position) is
erate 5 sets of the same 210 words. From these sets, wéeported. In the second methdd|¢-4), a ranking within
selected 2 sets as query d@mnd 2 sets as database data the first 4 pOSitionS (10%) was considered to be correct.
D. For each of the 26 lowercase characters, at least 10

samples were available in both and D, for each of the 4.2. Results

writersw.

The prototype set” used in the experiment is the Both thetop-1and thetop-4 writer identification per-
Mergesamplegollection described in [10]. This set of formances were calculated on each combination of query
1583 prototypes consists of actual character shapes thasizesNg and database sizé&p that were tested. Below,
were produced by hierarchical clustering a large databasean Figure 2, a graphical representation of top-1 per-
of segmented lowercase letters (the UNIPEN trainset [6]), formances is depicted. To explore these results in more
and merging the members of each cluster into an 'average’detail, Table 1 below shows a selection of the measured
shape, using a variation of learning vector quantization. performances.
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Figure 2 . The average top 1 performances given dif-
ferent sizes of query and database documents.

Table 1. Correct writer identification performance
given different sizes of query and database docu-
ments (top-1 and top-4. The reported values are av-
erages over 100 random re-runs.

Database sizBld
100 300
] top 1 ] 4 1 ] 4
"g 10 59.3 | 84.1 78.7 | 95.6
. 30 86.0 | 97.7 97.2 | 99.9
3 > 50 942 | 995 || 99.2 | 99.9
oz | 70 96.3 | 99.9 || 99.8 | 100.0
100 || 98.3 | 99.9 || 100.0| 100.0
Database sizBld
500 1000
] top 1 [ 4 1 | 4
5 [ 10 833 97.3 | 882 | 98.9
- 30 98.8 | 99.9 || 99.6 | 100.0
3 > 50 99.8 | 100.0f| 99.8 | 100.0
oz | 70 99.9 | 100.0f| 99.9 | 100.0
100 || 100.0| 100.0 || 100.0| 100.0

As can be observed from this table, ttop-1 perfor-
mance varies between 59.3% (fdg = 10) and 100.0%

(for large queries and a relatively large database). For con-

sidering more entries in the hit-list and examining whether
the correct writer is contained in the list, we compute
the top-4 performance, which varies between 84.1% (for
Ng = 10) and 100.0% (for larger database sizes).

5. Applications of IR for forensics

As shown in the previous section, the allograph weight
measuraw(w)which we inspired on the well-knowtfidf
measure from information retrieval, provides a promising
means to perform writer identification. Please note that
these findings sustain the outcomes of the experiments
performed by Bensefiat al [1, 2], who achieved high
recognition rates for databases of a larger size than our
Plucoll collection. As we will argue in this section, the
IR-measures computed based on allograph memberships
can also be used for a more elaborate exploration of the
information retrieval process, which may be of use for the
forensic scientist.

5.1. Most distinctive characters for IR

As a first case, we would like to show how the inverse
writer frequency can be used to explore which letters are
most important for writer identification — for our current
Plucoll database. Recall that the valué(p) corresponds
to the 'importance’ of a prototype in our writer iden-
tification process. By averaging the values ofial(p)
for each prototype belonging to a certain alphabet letter,
the importance of that letter for writer identification can
be computed. Note that this average is computed for the
complete writer population. Figure 3 shows the average
value ofiwf(p), for the prototypes belonging to each al-
phabet letter. From this figure, it can concluded that, given
our database, the letters 'q’ and 'k’ are the letters that are,
on average, the most suitable letters for distinguishing be-
tween writers, while the letters 'e’ and '0’ are the least
distinguishing ones, on average.

Average iwf

average iwf

gkuwpx jmfznghvbycldtiarsoe

letters

Figure 3. The importance of each alphabet letter
for writer identification according to our technique.
The letters 'g’ and 'k’ are the most distinctive for our
dataset.

It should be noted that the frequency of occurrence of
characters in the database is a very important factor for



the iwf(p), which makes it plausible that, e.g., an e’ or that represent the valwd(q)p- aw(w)pof the correspond-
'0’ are least informative. Similarly, the letter 'q’ occurs ing prototypep, i.e., the relative weight of that allograph
less frequently in the Plucoll collection, which enhances for this particular query;. The height of each “prototype
its distinctive properties. Other investigations on the dis- block” reflects the amplitude of the corresponding rela-
tinctiveness of characters [4, 9, 13] indicate that indeed, tive allograph weight. So, apparently the most important
the letters 'q’ and 'k’ are very informative letters when prototype that ruled this particular IR outcomecis612

considering shape information. which is shared by almost all writers. On the other hand,
a very distinctive prototype seems tohm@504 which dis-
5.2. IR revisited: under the hood tinguishes writepaulusfrom almost all other writers.

If we use this chart as an example, typical questions

To further illustrate a number of potential applications, the expert could ask are: (i) "Since the prototyg612
we first sketch a typical use scenario of this technique. plays such an important role in the handwritings of both
Given handwritten material from a certain writer popula- writer paulusandkees Let me see the characters of these
tion, indexing the database results in an allograph weightwriters that matched with the prototype”, or (ii) "Pro-
vectoraw(w) for each writerw. Search in this database totype n0604is important in the handwriting of writer
is performed by formulating a query(q), a collection of  paulus but not at all in that of writekees Let me see
questioned handwritten characters. The resulting rankedthe 'n’ characters fronpaulus corresponding tm0604
list of writers from the database is found through Equa- and all the 'n’s written bykees’ For both questions, it is
tion 1. obvious that the expert would want to visualize the proto-

Whereas in general a writer identification system types that influenced the writer identification results.
merely yields such a ranked list of retrieved writers sorted
on sim(¢g, w), we envisage an interactive workbench in
which a forensic document examiner can interrogate the
system for revealing more details on the decisions under-
lying the writer identification process. A typical starting
point for the interaction between the forensic expert and
such a system could be the chart depicted in Figure 4. The
queryC(q) consisted ofN¢g = 10 randomly drawn sam-
ples fromQ(paulus).
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| m— 50018 Figure 5 . Possible system output that reveals the pro-
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Jox ¢1612 totype shapes and character samples that rule the
] writer identification process. For the two prototypes
¢1612 and n0604, the characters from the indexed
database of the top-3 writers that matched to these
prototypes are marked with a green dot. Also de-
picted are some character samples from these writ-
ers which were not selected for this query. Note that
Figure 4 . Chart showing how much each prototype some of these sample_s have a DTW-match to these
contributed to the retrieval result, for each writer. The prototypes (marked with a blue dot) and some other
numbers depicted in the legenda on the right are pro- characters do not match (no dot).

totype id’s.
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As can be observed in Figure 5, the option to inspect
In this chart, the probability that the query was writ- the prototypes and corresponding characters seems a very
ten by a certain writer is indicated by the height of the informative tool for understanding why a “black box” like
bar corresponding to that writer. Writpaulushas the  a writer identification system yields a certain outcome.
highest rank, so the top-1 result is correct. Furthermore, For example, it becomes clear why writdmesand an-
each bar corresponding to a writer consists of blocks  nemiekhave no samples that matchrio604



6. Conclusions

Within the Trigraph project, we are exploring novel

cial Issue - Biometrics: Progress and Directigns
29(4):701-717, April 2007.

methods and tools for forensic document examination. In- [4] Sung-Hyuk Cha, Sungsoo Yoon, and Charles C.

spired by the works from Bensefi al, we explored tech-
nigues from information retrieval for the task of writer
identification. In our work, we have used the con-
cept of allograph membership functions as introduced
in [9] to compute allograph frequency vectors that pro-
vide a straight-forward input representation for IR. We
have shown that the resulting allograph weight vectors
have promising potential for effective writer identification
tasks, which sustains the findings from Bensefia. Top-
1 performances of almost 60% were achieved for small
query documents containing only 10 characters. For larger
databases, perfect top-1 writer identification rates were
achieved.

We have sketched a number of applications of infor-
mation retrieval techniques for forensic science. By rank-

ing the inverse writer frequency, a quantitative assessment [7

of the distinctive properties of each of the letters in the
alphabet can be computed. Furthermore, we have shown
examples of how the results of a writer identification sys-
tem can be inspected such that a forensic document exam-
iner would be able to better understand and justify why a
specific retrieval result was generated.

We encourage the reader to proceed with the rela-
tively unexplored use of IR techniques for writer identi-
fication. Our current efforts are directed on (i) perform-
ing more elaborate experiments on larger datasets, (ii) im-
plementing the envisaged interactive workbench for ex-
amining and visualizing the results of a writer identifica-
tion query, and (iii) exploring the possibilities of using in-
formation retrieval for probabilistic reasoning, something
which is particularly important for forensic science, where

the outcomes of case studies have to be adorned with rea{lO]

chances. The vast body of literature in information re-
trieval provides sufficient pointers to this latter issue.

References

[1] A. Bensefia, T. Paquet, and L. Heutte. Information
retrieval based writer identification. ICDAR '03:
Proceedings of the Seventh International Conference
on Document Analysis and Recognitipages 946—
950, Washington, DC, USA, 2003. IEEE Computer

Society. [12]
[2] A.Bensefia, T. Paquet, and L. Heutte. A writer iden-
tification and verification systemPattern Recogn.
Lett, 26(13):2080-2092, 2005.
(13]

[3] M. Bulacu and L. Schomaker. Text-independent
writer identification and verification using textu-
ral and allographic features|EEE Trans. on Pat-

tern Analysis and Machine Intelligence (PAMI), Spe-

(5]

[6]

(8]

9]

(11]

] R. Niels, L. Vuurpijl, and L.R.B. Schomaker.

Tappert. Handwriting copybook style identification
for questioned document examinatiodournal of
Forensic Document Examinatiph7:1-16, 2006.

F.A. Grootjen and Th. P. van der Weide. The Bright
side of information retrieval. Technical Report NI,
Radboud University of Nijmegen, 2004.

Isabelle Guyon, Lambert Schomaker, Rejean Plam-
ondon, Mark Liberman, and Stan Janet. UNIPEN
project of on-line data exchange and recognizer
benchmarks. InProceedings of the 12th In-
ternational Conference on Pattern Recognition
(ICPR’94), pages 29-33, Jerusalem, Israel, October
1994.

In-
troducing Trigraph - trimodal writer identification.
In Proc. European Network of Forensic Handwr. Ex-
perts Budapest, Hungary, 2005.

Ralph Niels and Louis Vuurpijl. Using Dynamic
Time Warping for intuitive handwriting recognition.
In A. Marcellli and C. De Stefano, editorsid-
vances in Graphonomics, Proceedings of the 12th
Conference of the International Graphonomics So-
ciety (IGS2005)pages 217-221, Salerno, Italy, June
2005.

Ralph Niels and Louis Vuurpijl. Generating copy-
books from consistent handwriting styles. Pnoc.
ICDAR 2007 pages 1009-1013, Curitiba, Brazil,
September 2007.

Ralph Niels, Louis WVuurpijl, and Lambert
Schomaker.  Automatic allograph matching in
forensic writer identification.nternational Journal
of Pattern Recognition and Artificial Intelligence
21(1):61-81, February 2006.

Stephen E. Robertson, Steve Walker, Micheline
Hancock-Beaulieu, Aarron Gull, and Marianna Lau.
Okapi at TREC. InText REtrieval Conferengpages
21-30, 1992.

Sargur N. Srihari, Sung-Hyuk Cha, and Sangjik Lee.
Establishing handwriting individuality using pattern
recognition techniques. IRroc. 6th ICDAR pages
1195-1204, Seattle, USA, 2001.

Sungsoo Yoon, Seungseok Choi, Sung-Hyuk Cha,
and Charles C. Tappert. Writer profiling using hand-
writing copybook styles. InProc. ICDAR 2005
pages 600—604, Seoul, Korea, September 2005.



