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Abstract. In this paper we present a writer-dependent handwritinggeition
system based on hidden Markov models (HMMs). This systentiwiias been
developed in the context of research on smart meeting roopesates in two
stages. First, a Gaussian mixture model (GMM)-based widemtification sys-
tem developed for smart meeting rooms identifies the persiimg/on the white-
board. Then a recognition system adapted to the individuéémis applied. Two
different methods for obtaining writer-dependent recegrs are proposed. The
first method uses the available writer-specific data to maimdividual recogni-
tion system for each writer from scratch, while the seconthoubtakes a writer-
independent recognizer and adapts it with the data from eheidered writer.
The experiments have been performed on the IAM-OnDB. In tisé $tage, the
writer identification system produces a perfect identifaatate. In the second
stage, the writer-specific recognition system gets sigmifiy better recognition
results, compared to the writer-independent recognizee. final word recogni-
tion rate on the IAM-OnDB-t1 benchmark task is clos&@d%b.

1 Introduction

The aim of a smart meeting room is to automate standard taslaly performed by
humans in a meeting [15, 16, 18, 24]. These tasks includénstence, note taking and
summarizing the importanttopics of a meeting. To accorhpliss aim, a smart meeting
room is equipped with synchronized recording interfacesatalio, video, and hand-
written notes.

The challenges posed in smart meeting room research ardatdariirst, smart
meeting rooms need identification systems to authentideenteeting participants
and to assign utterances and handwritten notes to theioutiihese are based on
speech [14], video [7, 20], and handwriting interfaces [d/3)n a combination of those
systems [2]. Another aspect is the transcription of the ne®o raw data. In order to
allow indexing and browsing of the recorded data [25], shd&@], video [4], and
handwriting recognition systems [12] need to be developed.



Fig. 1. Picture of the IDIAP Smart Meeting Room with the whiteboawdtte left of the presen-
tation screen

For the latter task, the transcription of handwritten nogeswvriter-independent
HMM-based system has been proposed recently [12]. Howievitre domain of smart
meeting rooms, where only a few known persons have accesgetwhiteboard, it
would be reasonable to identify the writer first and then g@precognition system
optimized for this writer.

In this paper a writer-dependent recognition system is @sed. The system oper-
ates in two stages. First, a writer identification systensfoart meeting room systems
recognizes the person writing on the whiteboard. A prelamnyrversion of such a sys-
tem has been presented in [13]. In the current paper we 8esani improved version
of this system that uses a better feature set. Then, in tlendestage, a recognition
system adapted to the individual writer is applied. It ise@otpd that such a two-step
approach results in better performance, compared to arvimidependent recognition
system, because writer-dependent recognizers have a ket@ledge of the writer’s
individual writing style and have shown a better perfornetian general recognizers
in other application.

Two different methods exist for generating a writer-deparidecognition system.
The first method uses the available writer-specific dataaio &t new recognition system
from scratch for each individual writer. The second mettade$ a writer-independent
recognizer and adapts it with the data from the consider@dmwVhile the first method
succeeds if enough training data are available, the seceaitldoah is better if only lit-
tle writer-specific training data are present [23]. Both moels are investigated in our
experiments.

The rest of the paper is structured as follows. Section 2sgavehort overview of
the smart meeting room environment for which the handwgitecognition system has
been developed. In Sect. 3 we present our writer identifinatystem. The recognition
system is introduced in Sect. 4, and the methods for traitiiegndividual recognizers
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Fig. 2. Schematic overview of the IDIAP Smart Meeting Room (top View

are described in Sect. 5. The results of our experimentsrasepted in Sect. 6. Finally,
Sect. 7 draws some conclusions.

2 The IDIAP Smart Meeting Room

The writer recognition system described in this paper has developed for the IDIAP
Smart Meeting Room [16]. This meeting room is able to recoektimgs with up to
four participants. It is equipped with multiple camerascraphones, electronic pens
for note-taking, a projector, and an electronic whitebo&idure 1 shows a picture of
this room, and a schematic overview is presented in Fig. 2.

The whiteboard shown in Figs. 1 and 2 is equipped with the eBagstem, which
acquires the text written on the whiteboard in electroniorfat. A normal pen in a
special casing is used to write on the board. The casing sefrdsed signals to a
triangular receiver mounted in one of the corners of the elddard. The acquisition
system outputs a sequence(of y)-coordinates representing the location of the pen-
tip together with a time stamp for each location. An illustra of the data acquisition
process is shown in Fig. 3.

3 Writer Identification

We use a GMM-based identification system for writer iderdifizn. GMMs are often
used in state-of-the-art speaker verification systems [l4¢ system is text-indepen-
dent, i.e., any text can be used to identify the writer. Aipnalary version of the identi-
fication system has been presented in [13]. Recently, tharieaet has been extended,
leading to higher identification rates [21]. The novel syste described shortly in this
section.
The text written on the whiteboard is encoded as a sequentmefstamped,

y)-coordinates. From this sequence, we extract a sequerfeatofe vectors and use

3 eBeam System by Luidia, Inc. — www.e-Beam.com



Fig. 3. Recording session

them to train the identification system. Before featureamtton, some simple prepro-
cessing steps are applied to recover from artifacts, sudpasous points and gaps
within strokes. In order to preserve writer-specific infation, no other normalization
operations, such as slant or skew correction, are appl@danesampling of the points
is performed. Furthermore, missing points are not intexjeal if the distance between
two successive points of a stroke exceeds a predefined thdesh this would remove
information about the writing speed of a person.

In [13] two feature sets for writer identification have beevestigated, stroke-based
features and point-based features. In further studies we theveloped a better set of
point-based features, which clearly outperforms the stioksed features. The follow-
ing on-line features are calculated for each ppinthe writing direction ap;; the cur-
vature; the relative/y-position of the poinp;; the speed; and the speed;_ /v; in z/y-
direction; the acceleratiany and the acceleration ify-direction; and the log curvature
radius. Additionally, the following features of the ond4iwicinity are used: the vicin-
ity aspect; the vicinity slope; the vicinity curliness; atie vicinity linearity. Finally,
features of the off-line vicinity are used. They are comguising a two-dimensional
matrix B = b, ; representing the off-line version of the data. For eachtjowsb; ;
the number of points on the trajectory of a stroke is storéils Tan be seen as a low-
resolution image of the handwritten data. The off-line fieas are the following (see
Fig. 4): the number of ascenders above the corpus line anduimder of descenders
below the baseline in the vicinity of the; and the context map, i.e. the number of
black points in each region of3ax 3 map aroung;

Having extracted the features from a text, we use GMMs to mibd@chandwrit-
ing of each person of the underlying population. The featwetor sequencX =
X1, ..., xT Of a person’s handwriting is modeled by a Gaussian mixtursitie For a
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D-dimensional feature vectas, the mixture density for a specific writer is defined as

M
p(xe|A) =D wipi(x) 1)
i=1

where the mixture weight®; sum up to one. The mixture density is a weighted linear
combination ofM uni-modal Gaussian densitipgx¢ ), each parametrized by/a x 1
mean vectop,; and aD x D covariance matrix’;:

plxe) = G en{g e = w) (C) ek @

The parameters of a writer's density model are denoted as {w;, u;, C;} for all
i1 =1,..., M. This set of parameters completely describes the modelm@ainles us to
concisely model a person’s writing on the whiteboard.

The following two-step training procedure is used. In thstfitep, all training data
from all writers are used to train a single, writer indepeartdeiversal background
model (UBM). In the second step, for each writer a writer dependerter model is
built by updating the trained parameters in the UBM via adéph using all the train-
ing data from this writer. We derive the hypothesized writexdel by adapting the pa-
rameters of the UBM using the writer’s training data and afof Bayesian adaptation
calledMaximum A Posteriori (MAP) estimation [19]. For further details see [13].

For identifying the writer of a feature vector sequeiXe= xy,...,xr, the log-
likelihood scores of all trained GMMs are taken. The seqaéfds then assigned to
the writer corresponding to the GMM with the highest logelikood score.

4 Recognition System

The writer-independent text recognition system which egras a basis for adaptation
in the second stage of the overall system has been introdad##]. For the purpose
of completeness a short summary of this system is providiesivbe
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Fig. 5. lllustration of point-based features

The text lines on the whiteboard usually have no uniform skmg the whole line
and the slant and size of the letters are not the same at tirenbeggand at the end of a
line. This is caused by the fact that people stand, rathershaduring writing and the
arm does not rest on a table. Therefore the text line is spbtsubparts and the rest of
the preprocessing is done for each subpart separatelyn@iivédual parts are corrected
with respect to their skew. For this purpose we perform aalinegression through
all points. For slant normalization, we compute the histogiover all angles between
the lines connecting two successive points of the trajgcad the horizontal line [8].
After normalization, delayed strokes, e.g. the crossing 4f or the dot of an “i” are
removed, using simple heuristics. That is, strokes writtethe upper region above
already written parts, followed by a pen-movement to thatrigre eliminated. Next,
we perform an equidistant resampling of the point sequdreehe original sequence
of points is replaced by a sequence of points on the trajgetbiere all consecutive
points have the same distance to each other. The optimad valhe distance has been
optimized empirically. This step is needed because diffiergiters write at a different
speed. The next important step is the computation of thelihasend the corpus line.
For this purpose, we compute two linear regressions thrtlugiminima and maxima
of the y-coordinates of the strokes and remove the least fittingtpaoirhis correction
step is done twice which then results in the estimated basgininima) and corpus line
(maxima). This results in the three main writing areas. Jto®ordinate of the baseline
is then subtracted from al}-coordinates to make it equal to theaxis. As the last
preprocessing step, the width of the characters is noretliz

The feature set for recognition contazisfeature values. Most of them are similar
to the features described in Sect. 3. The set of extractédrésacan be divided into two
classes. The first class consists of features extractedébrgintp; by considering the
neighbors with respect to time (see Figs. 5 and 6). The featoelonging to this class
are the following: the pen-up/pen-down feature which iaths whether the pen-tip has
been on the board at the actual positignthe hat-feature which indicates if a delayed
stroke has been removed at the same horizontal positipn the speed; the normalized
x andy-coordinate; the cosine and sine of the writing directipnif Fig. 5); and the
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cosine and sine of the curvaturk {n Fig. 5). Again, features of the on-line vicinity are
extracted (see Fig. 6): the vicinity aspect, i.e. the aspkitte trajectory in a given on-
line vicinity; the vicinity slope, i.e. the cosine and sinfetlve anglex(t) of the straight
line from the first to the last vicinity point; the vicinity diness, i.e. the length of the
trajectory in the vicinity divided by maxAx(t), Ay(¢)); and the vicinity linearity, i.e.
the average square distanteof each point in the vicinity to the straight line from the
first to the last vicinity point. The features of the secorabslare all computed using
a two-dimensional matrix representing the off-line vensod the data. The following
features are used: the ascenders and descenders, andeheatures extracted from
the context map.

An HMM-based recognizer is applied for retrieving the outfabel sequence. It
uses a linear topology for the character HMMs, and the cantis observation func-
tions are modeled with diagonal Gaussian mixtures. Fonitrgj the Baum-Welch al-
gorithm[3] is applied. In the recognition phase, the Vitelgorithm[5] is used to find
the most probable word sequence. As a consequence, theltlitiigk of explicitly seg-
menting a line of text into isolated words is avoided, andsiagmentation is obtained
as a byproduct of the Viterbi decoding applied in the recbgmiphase. The output
of the recognizer is a sequence of words. The number of Gaussixtures and the
parameters for including a language model are optimizedvatidation set.

5 Individual Recognizers

Two different methods exist for generating a writer-deparidecognition system. The
firstis to use the data from the considered writer to trainvameognition system from
scratch. We followed this method and generated an individaradwriting recognition
system for each writer in the considered population, udiegapproach described in
Sect. 4.

The second method takes a writer-independent recognidexdapts it with the data
from the considered writer. HMM adaptation is a method taisihe model parameters
0 of a given background model (the HMMs of the writer-indepemidecognizer in our



case) to the parametefig; of the adaptation set of observatiofis(the data of the
individual writer). The aim is to find the vectak,; which maximizes theosterior
distributionp(6,4|O):

faa = argmax (p(0]0)) ®3)

Using Bayes theorem(6|O) can be written as follows:

p(O[0)p(0)
p(0)

wherep(0|0) is the likelihood of the HMM with parameter sétandp(d) is theprior
distribution of the parameters. Wheid) = ¢, i.e. when theprior distribution does
not give any information about how is likely to be, Maximum Likelihood Linear
Regression (MLLR[10]) can be performed. If the prior distttion is informative, i.e.
p(#) is not a constant, the adapted parameters can be found bygtte equation

o (Ol =0 (5)
This minimizes the Bayes risk over the adaptation set an@ie dvith Maximum A
Posteriori (MAP) estimation, which is also called Bayeskataptation. As described
in [23], it is feasible to adopt only the means of the Gaussi&tture componentg;,,
(wherem refers to the actual state apids the index of the considered mixture in state
m) of the parameter8 of each HMM. The use of conjugate priors then results in a
simple adaptation formula:

p(0|0) = (4)

N, T
fijm ’

= [Ljim jm 6
Nijm ot * Njm, + ()

wherefi;,, is the new andi;,, the old mean of the adaptation data,, is the mean of
the background model, and;,,, is the sum of the probabilities of each observation in
the adaptation set being emitted by the corresponding @aussmponent. After each
iteration the values ofi;,, are used in the Gaussian components, which leads to new
values offi;,, andN;,,, in Eq. (6). This procedure is repeated until the change in the
parameters falls below a predefined threshold. The parameteights the influence

of the background model on the adaptation data. Wherdess been set empirically

in [23], itis optimized on a validation set in this paper. MAgtimation has been chosen
for adaptation since it produced the best recognition tesul[23] on adaptation sets
of larger size, i.e. about 200 words. This is due to the faat ittadapts each Gaussian
component separately. In our experiments we have at le@svaéds from each writer
available for adaptation.

6 Experiments and Results

The experiments have been performed on the IAM-OnDBIMfis database contains
86,272 word instances from a 11,050 word dictionary writtewn in 13,040 text lines.

# http://www.iam.unibe.chfki/iamondb/



The data is divided into four sets: one set for training; @ida validating the meta pa-
rameters of the training; a second validation set for ogiing the language model; and
an independenttest set. No writer appears in more than enesgwriter-independent
setup serves for training the reference system.

We performed experiments withckosed vocabulary and with anopen vocabulary.
The closed vocabulary contains all the words of the test set, while then vocabu-
lary contains the20, 000 most frequent words of three corpora, the LOB corpus [9]
(excluding the data used in the IAM-OnDB), the Brown corpéis ind the Welling-
ton corpus [1]. This setup is similar to the benchmark tasksiged for this database,
IAM-OnDB-t1 and IAM-OnDB-t2. For both benchmarks a langeagodel is used. For
the closed vocabulary it is trained on the LOB Corpus, while it is trained on the thre
corpora mentioned above for tbpen vocabulary.

For the writer-dependent experiments the test set has Iheeged as follows. Each
writer contributed eight texts, so the data can be sepaoatede paragraph level. The
data is divided into four sets for each writer, containing fparagraphs each. A cross
validation is performed on the four sets) (..., s3). It is performed in the following
way (combinationsy, ..., c3). Fori = 0, ..., 4, setSs;g2, ands;q3 are taken for
training the system, setq is used as a validation set, i.e., for optimizing the tragnin
or adaptation parameters, and sgis used as a test set for measuring the system per-
formance. This cross validation guarantees that each tadgrom the test set is used
once for recognition. Therefore the results are compatalitee results of the reference
system.

The background model for the writer identification step, &l as the recognition
system for the adaptation experiments, are trained on #weing set §;02 U Sia3).
Optimization of these models is performed on the validasiei(s;q1).

The results of the experiments are reported as word re¢ogmites and word level
accuracies. The accuracy is defined by the following stahftemula:

#insertions + F#substitutions + #deletions
total_length_of _test _set_transcription

acc=1—

(7)

where the number of insertions, substitutions and delsti®summed over the whole
test set. The writer-independent recognition system witloptimizing the language
model parameters serves as a reference system. To avoideanfydm the optimized

language model, only the unoptimized system is taken asseerate.

Tables 1 and 2 show the results of the writer-dependent réttolg systems on the
closed vocabulary and theopen vocabulary. The first stage always gives a perfectidenti-
fication rate on the test set 68 writers. Hence, the correct specialized recognition sys-
tem is always applied. As it can be seen in Tables 1 and 2jngathe writer-dependent
recognizers from scratch results in much lower recognitades in all cases. This is
mainly due to the low amount of training data. However, aittapthe reference system
on the writer-specific training data leads to a significarriovement of the accuracy
and the recognition rate in all cases (using a standdest at a significance level of
59%). By optimization of the bigram language model, the rediigmrate can further
be improved.
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Table 1. Word recognition accuracy ariosed vocabulary

System Recognition rate (%) Accuracy (%)
Reference 73.1 63.1
Trained from scratch 37.8 0.2
Adapted from reference 75.0 66.7
Optimized language model 77.0 73.2

Table 2. Word recognition accuracy aspen vocabulary

System Recognition rate (%) Accuracy (%)
Reference 56.2 31.3
Trained from scratch 26.1 —36.8
Adapted from reference 59.7 37.7
Optimized language model 72.6 64.8

7 Conclusions

In this paper a writer-dependent recognition system forrsmeeting rooms is de-
scribed. It benefits from the fact that the persons writinghenwhiteboard are known
to the smart meeting room systems. The proposed system wotk® stages. In the
first stage, the identity of the writer is determined, andhie second stage, a writer-
specific recognition system is applied to recognize the Waittén input.

For the first stage, a language and text-independent systataritify the writer of
on-line handwriting is used. New features are extracteahfifte acquired data to train
and test the GMMs. All data are used to train a Universal Bemlgd Model (UBM),
and client specific models are adapted for each writer. @utie identification, a text
line of unknown origin is presented to each of the modelshEaodel returns a log-
likelihood score for the given input, and the text line isigsed to the model which
produces the highest score.

For the second stage, an HMM-based system is used to traimritez-dependent
recognizers. Two different methods for deriving the weiependent recognizers have
been proposed. The first method uses the available datari@atreew recognition sys-
tem from scratch. The second recognition system takes avimidlependent recognizer
and adapts it with the data from the considered writer. Bogthmds are investigated in
this paper.

Two recognition tasks defined for the IAM-OnDB are used ingkperiments. On
the test set of each of these tasks, the writer identificaty@tem produces a perfect
identification rate. Thus, the correct writer-specific rgaition system is always applied
in the recognition phase.

The recognition experiments show that training a writezesfic recognizer from
scratch does not lead to a good performance. However, adaghte system from a
well-trained writer-independent recognition system ketasignificantly better results.
The final word recognition rate on tlelbsed vocabulary is already close t80 %, which
means that only about one out of five words is not recognizeetcty. It can be con-
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cluded that selecting writer-specific recognizers by aewritlentification system is a
useful strategy in the specific domain.

The recognition system has been developed for handwrititg dcquired by the

eBeam whiteboard system. However, the approach can eas#yjblied to other on-
line handwritten data, such as data acquired by a digititabtet or a Tablet PC [22].
For example there could be several optimized recognizerssfeeral writing styles. If
a novel user writes on the tablet, his or her handwriting ddoe assigned to the most
similar style.
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