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Abstract nizer in the work described in this paper. Our motivation is
twofold. First, on-line data can be easily converted int® th

Recognition of unconstrained handwritten text is still a off-line format and secondly, we do have an off-line rec-
challenge. In this paper we consider a new problem, which ognizer at our disposal that was developed in the context of
is the recognition of notes written on a whiteboard. Our previous work [9]. Eventually we plan to combine the exist-
recognizer is based on Hidden Markov Models (HMMs). ing off-line recognizer with an on-line recognizer to be de-
As it is difficult to acquire sufficient amounts of training veloped in the near future. From such a combination, an im-
data for the HMMs we propose two strategies for enlarg- proved recognition performance can be expected [12, 14].
ing the training set. Both strategies are based on an exjstin We have investigated two different approaches to com-
database of off-line handwritten text, which includes hand bining the training set originally used in [8] with a sub-
ertlng Samples different from whiteboard data. The two set of the IAM-Database [10] First, an HMM_recognizer
proposed strategies are MAP adaptation and merging of trained on the IAM-Database is taken and adapted with
training sets. With these methods we can achieve improvethe Maximum A Posteriori (MAP) estimation method [4].
ments of the word recognition rate of up to 5.7%. Adaptation methods are usually used for writer adaptation
in writer dependent systems [13], but have been success-
fully applied in writer independent tasks as well [1]. MAP
estimation has been chosen for adaptation because it pro-
duced the best recognition results in [13] on adaptatics set

In this paper we describe continuation of our research on©f larger size. In the second approach the HMM-recognizer
a novel handwriting recognition task, which is the recogni- 1S trained on the union of the selected IAM-Database sub-
tion of text written on a whiteboard. Our recognition system Set and the whiteboard data. Thus a significant extension of
for this task has been introduced in [8], where a writer inde- the training set, when compared to [8], is achieved.
pendent handwritten sentence recognizer based on HMMs To study the effect of training set expansion in a broader
was presented. The performance of this recognizer was onlycontext, we have also applied some optimization strate-
about 64.27% on the word level. The main reason for the gies [5, 16] to the basic HMM recognizer. The motivation
low performance is that the number of writers in the train- was to find out if enlarging the size of the training set leads
ing set is very small. The data set of all available white- to a lower error rate even for highly optimized systems. As
board recordings (training, test and validation set) csiasi  Will be described in Section 5 in greater detail, for both the
of only about 6,000 words rendered by a total of 20 writ- unoptimized and the optimized version of the system sig-
ers. We expect to get a better recognition performance if wehificantimprovements of the recognition rate were achieved
enlarge this data set. However, it is rather difficult to sig- by the proposed training set expansion strategies.
nificantly enlarge the existing database, because the white  The rest of the paper is organized as follows. Section 2
board is not portable and can be used by only a single writergives an overview of the recognition system for whiteboard
at a time. For this reason we propose another approach imotes. Section 3 briefly describes the basic recognition sys
this paper, where we use data from a large existing databaséem and some optimization steps. In Section 4 the main
of off-line handwritten sentences [10] to augment the train ideas for enhancing the training data are presented. Exper-
ing set. iments and results are given in Section 5, and finally Sec-

Although the data output by the sensing device is in tion 6 draws some conclusions and gives an outlook for fu-
the on-line format, we use an HMM-based off-line recog- ture work.

1. Introduction
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The eBearhinterface is used for recording the handwrit-

ing of a user. It allows us to write on a whiteboard with @ gcribed in [9]. For the purpose of completeness we include

normal pen in a special. casing, Which sends infrared sig- 5 prief description here. For any further details the reaer
nals to a triangular receiver mounted in one of the corners eferred to [9].

of the whiteboard. The acquisition interface outputs a se-
quence of (x,y)-coordinates representing the locatiomef t
tip of the pen together with a time stamp for each location.

ép |Illustrat|on of the data acquisition process is shown in ization of the baseline location means that the body of the
Ig‘l.'h. d ived in thi ) i ._text line (the part which is located between the upper and
e system described in this paper consists of six mainq, e baselines), the ascender part (located above the uppe

modules (see Fig. 2): the on-line preprocessing, wherenois baseline), and the descender part (below the lower bayeline

In the raw_data IS reduceq; the tra.nsformanon, \_/vhere the ONwill be vertically scaled to a predefined size each. Writing
line data is transformed into off-line format (this allows u

v th er d ibed in 19 h id dWidth normalization is performed by a horizontal scaling
to apply the recognizer described in [9] to t € consiaere operation, and its purpose is to scale the characters so that
problem); the off-line preprocessing, where various ndrma

T i they have a predefined average width.
ization steps take place; the feature extraction, where the . :
To extract the feature vectors from the normalized im-

normalized image is transformed into a sequence of fea_ages, a sliding window approach is used. The with of the

ture vectors; the recognition, where the HMM-based classi- " : . ; .

: : : indow is one pixel and nine geometrical features are com-

fier generates a list of word sequences, which are arrange ) S . )
puted at each window position. Thus an input text line

in a word lattice; and the post-processing, where a statisti : . :
: . . . is converted into a sequence of feature vectors - a
cal language model is applied to the word lattice to improve . .
dimensional feature space.

the results. A detailed description of the original versién ) ) )
An HMM is built for each of the 58 characters in the

the system is given in [8]. S ;
character set, which includes all small and capital letiacs

. some other special characters, e.g. punctuation markh. In a
3. Therecognizer HMMs the linear topology is used, i.e. there are only two
transitions per state, one to itself and one to the next.state
In the emitting states, the observation probability distri
tions are estimated by mixtures of Gaussian components.
The character models are concatenated to represent words
1 eBeam System by Luidia, Inc. - www.e-Beam.com and sequences of words. For training, the Baum-Welch al-

The basic recognizer takes, as an input unit, the image of
a complete text line, which is first normalized with respect
to skew, slant, writing width and baseline location. Normal

The basic recognizer is a Hidden Markov Model (HMM)
based cursive handwriting recognizer similar to the one de-




gorithm [2] is applied. In the recognition phase, the Viterb ters. Whemp(0) = ¢, i.e. when theprior distribution does
algorithm [3] is used to find the most probable word se- not give any information about howis likely to be, Maxi-
guence. Note that the difficult task of explicitly segmegtin  mum Likelihood Linear Regression (MLLR [7]) can be per-
aline of text into isolated words is avoided, and the segmen-formed. If the prior distribution is informative, i.@(0) is
tation is obtained as a byproduct of the Viterbi decoding ap- not a constant, the adapted parameters can be found by solv-
plied in the recognition phase. The output of the recognizering the equation
is a sequence of words. In the experiments described in Sec-
tion 5, the recognition rate will always be measured on the ﬁ (p(0]0)p(8)) =0 €)
word level. 90

In [5] itis pointed out that the number of Gaussians and This minimizes the Bayes risk over the adaptation set and
training iterations have an effect on the recognition issul - can be done with Maximum A Posteriori (MAP) estimation,
of an HMM recognizer. Often the optimal value increases which is also called Bayesian Adaptation. As described
with the amount of training data because more variations arein [13], it is feasible to adopt only the Gaussian means
encountered. The system described in this paper has bee(where m refers to the actual state and j is the index of the

trained with up to 30 Gaussian components and the classiconsidered mixture in state m) of the parameteds each
fier that performed best on a validation set has been takerHMM. The use of conjugate priors then results in a sim-

as the final one in each of the experiments described in Secple adaptation formula [13]:

tion 5.
Another optimization step proposed in [16] is the inclu- s jm_ - T 4
. _ Hjm Pjm + Hjm (4)
sion of a language model, which corresponds to the post- Njm +7 Njm +7

processing step illustrated in Fig. 2. Since the system de-
scribed in this paper is performing handwritten text recog-
nition on text lines and not only on single words, it is in fact
reasonable to integrate a statistical language modeluFor f
ther details we refer to [16].

where ., is the new andi;,, the old mean of the adap-
tation datay;, is the mean of the background model, and
N;n, is the sum of the probabilities of each observation in
the adaptation set being emitted by the corresponding Gaus-
sian. After each iteration the values @f,,, are used in the
Gaussians, which leads to new valuesigf, and V;,, in

Eq. (4). This procedure is repeated until the change in the
parameters falls below a predefined threshold. The parame-

data are similar to the images of the IAM-Database, the €7 weights the influence of the background model on the

IAM-Database can be used to enhance the small datasei[‘dapta“on data. Whereas it has been set empirically in [13]

of whiteboard recordings. Two strategies for enhancing the' '3 optimized on a validation setin this paper. The MAP es-

. 27 ' . timation performs better if more adaptation data are avail-
dataset are described in this paper. The first strategy s rec . .
able because it adapts each Gaussian separately.

nizer ion. Here w r nizer that w o
ognizer adaptatio ere we adapt a recognizer that was Our second approach to training set enhancement uses

trained on the IAM-Database to the Whltebo_a rd training data from both the IAM-Database and the whiteboard data
data. Under the second strategy we use a mixture of data

. : llection. Th f the IAM-D nd the trainin
from the IAM-Database and the whiteboard data collection *° ectio ne data of the at_abas.e and the tra 9
) : . . - set of the whiteboard data are combined into one large train-
to train the recognizer. We will describe the main ideas of : : . .
SR . ing set. This set is then used for training the HMM recog-
these two strategies in this section. nition system. The validation set for optimizing the param
HMM adaptation is a method to adjust the model param- Y ' P 9 P

etersf of a given background model (the HMMs rained 15 = S0 Wb TO 6 R SOBE EER. TUR, 0
on the IAM-Database in our case) to the parameiggof P ’ 9 9 P

the adaptation set of observatiafgthe training set of the ?r:ee?h(;ﬂ ttueez V;ggegiﬁ;: g}aet;'o-;hés;gi;g%Zcf[?asiﬁmesism%rf
whiteboard data). The aim is to find the vectQy which P gisp

maximizes theposteriordistributionp(6,4|0): formed on a larger dataset.

4. Enhancingthetraining data

Since the off-line images generated from the whiteboard

fua = argmax (p(0]0)) (1) 5. Experimentsand results
Using Bayes theorem(|O) can be written as follows: The overall amount of the recorded whiteboard data is
p(016)p(6) 6,204 words in 1,258 lines from 20 different writers. Each
p(0)0) = (2 writer wrote approximately the same number of words. The

r(0) data set was randomly divided into five disjoint sets of ap-
wherep(010) is the likelihood of the HMM with parame-  proximately equal size (sets, ..., s4). On these sets, 5-
ter setd andp() is theprior distribution of the parame- fold cross validation was performed in the following way



(combinationsy, ...,c4). Fori = 0, 4, setss oo, Sips3 _ SBation 0T a T 3 o T average
and s;q4 Were taken for adapting (first method) or train- validationset | sL | s2 | s3 | s4 | sO
i i basic system 61.2 | 614 | 66.5 | 52.2 56.4 | 59.5
|ng_ (se.cond mgthod) the _re_cc_)gnlzer, Sgh was used asa basic system opt.| 66.8 | 66.9 | 71.2 | 5/.1 | 65.8 | 656
validation set, i.e. for optimizing the parameters in the op adapted system | 64.1 | 65.3 | 68.3 | 586 | 69.1 | 65.1
timization steps, and set was used as a test set for mea- ad.systemopt. | 67.1 [ 684 | 72.3 | 629 | 724 | 686

: : mixed training 64.3 | 68.0 | 70.7 | 60.13 | 65.0 | 65.6
suring the system performance. Each of the sets consists = system opt| 6311 700 [ 734 | 626 | 727 694

of the data of four writers and no writer appears in more
than one set. Consequently, writer-independent recagniti
experiments were conducted. The word-dictionary includes
exactly those 2,337 words that occur in the union of all of
the five sets. The language model was generated from the
LOB-Corpus [6], which contains 500 printed texts of about
2,000 words each.

The basic recognizer for the whiteboard data has been

Table 1. Performance of the basic system, the
adapted system, and the system with mixed
training data without/with language model
optimization on the five validation sets.

. K . . R ) combination c0 cl c2 c3 c4 average
trained with up to eight Gaussians and four iterations for test set S0 | sI | s2 | s3 | s4
each Gaussian increment. The average word recognition basic system | 60.0 | 62.7 | 59.8 | 65.1 | 50.3 | 59.6
te of this recognizer is 59.54% on the five validation sets |—cscSystemopt | 865 | 61.1 | 64.7 | 795 | 55.6 | 643
rate orthi gnIZer 1S 59.04% Ive validatl . adapted system | 68.1 | 63.0 | 66.1 | 691 | 57.8 | 64.6
and 59.59% on the five test sets. Note that this is the baseline [ ad systemopt. | 702 | 664 | 68.0 | 72.1 | 60.7 | 6/5
i H H . mixed training 66.4 | 65.4 | 654 | 70.2 | 58.3 | 65.3
experiment, where only whiteboard data is used for train ied System opt| 714|677 | 659 T 722 | 513 [ eas

ing. By integrating a language model as described in Sec-
tion 3 the recognition rate could be increased to 65.56% on
the validation sets and to 64.27% on the test sets.

The IAM-Database includes over 1,500 scanned forms
of texts written on normal paper by more than 650 writ-
ers. For our experiments a subset containing about 18,000
words in 1,993 text lines produced from 400 different writ-
ers was taken. The background model for the adaptation waslarity of presentation, the performance of the optimized
trained on the data of 320 writers from the IAM-Database. systems is printed boldface. A statistically significant im
For this recognizer the number of Gaussians were optimizedprovement over the baseline system has been achieved with
on the validation set consisting of the remaining 80 writers both approaches. The best performing system is the HMM
The performance of this recognizer is 54.94% on the white- recognizer that has been trained on a union of the white-
board data (whithout using a language model). board data and a subset of the IAM-Database, including a

As described in Section 4 the recognizer for the IAM- language model. We note that for both the non-optimized
Database was adapted with the training sets from theand the optimized system a substantial improvement of the
recorded whiteboard data. To find the best value of param-recognition rate is achieved by the proposed methods.
eter 7 for the MAP estimation we calculated the perfor-
mance on the validation set of the whiteboard data for dif- 5.  Conclusions and future work
ferent values of . This optimization has been done for each
combination of the cross validation Separately. The av- In the work described in this paper we enhanced an ex-
erage recognition rate on the validation sets is 65.07%jsting handwriting recognition system for whiteboard rsote
without including a language model. By including a bi- Notes written on a whiteboard is a new modality in hand-
gram language model, the average performance could beyriting recognition research that has received relatiViely
increased to 68.60%. On the test sets it iS 64.60% with- t|e attention in the past_
out and 67.48% with inclusion of a language model. The proposed recognition system is based on Hid-

By training on the IAM-Database and the whiteboard den Markov Models. We applied two methods for enhanc-
data simultaneously as described in Section 4 the perfor-ing the training data with data from the IAM-Database.
mance is even higher. The recognition rate on the validationThese methods are MAP adaptation and the training
sets is 65.64% without including a bigram language model. on mixed datasets. A statistically significant improve-

It increases up to 69.37% when the language model is in-ment of the recognition rate over the case where just white-
cluded. On the test sets it is 65.27% and 68.49% respechoard data is used for training could be observed with
tively. both strategies. The training on mixed data consumes

A summary of all experimental results is provided in much more time, i.e. it lasts about ten times longer to op-
Tab. 1 (validation sets) and Tab. 2 (test sets). To improvetimize the system. But this strategy leads also to a better

Table 2. Performance of the basic system, the
adapted system, and the system with mixed
training data without/with language model
optimization on the five test sets.




performance because all model parametgérare opti- [10] U.-V. Marti and H. Bunke. The IAM-database: an English

mized on the validation set of the whiteboard data. The sentence database for offline handwriting recognitidd-
inclusion of a language model further increases the recog- DAR, 5:39 — 46, 2002.

nition rate. Note that the enlarging of the training set had a[11] E. Tapia and R. Rojas. Recognition of on-line handwritten
greater effect on the unoptimized system. However, it re- mathematical formulas in th e-chalk systemPioc. 7th IC-

DAR pages 980- 984, 2003.
12] O. Velek, S. ager, and M. Nakagawa. Accumulated-

In future research we plan to enlarge the training set by ~ recognition-rate normalization for combining multiple
on/off-line Japanese character classifiers tested on a large

recording more Whltebpard_ data. So We can compare the database. IrProc. 4th Multiple Classifier Systempages
two methods proposed in this paper with the brute-force ap- 196-205. 2003.
proach of just enlarging the training set. We also plan to de- 13] '

sulted also in a statistically significant increase on the
optimized system.

A. Vinciarelli and S. Bengio. Writer adaptation techniques

velop an on-line recognizer and combine it with the off-line in HMM based off-line cursive script recognitiorPattern
recognition system described in this paper. To further en- Recognition Letter23(8):905-916, 2002.
hance the practical usefulness of the system in real life ap-[14] A. Vinciarelli and M. Perrone. Combining online and of-
plications, recognition of mathematical formulas [11] and fline handwriting recognition. IProc. 7th ICDAR pages
tables [15] will be considered. 844— 848, 2003.

[15] R. Zanibbi, D. Blostein, and J. Cordy. A survey of table
Acknowledgments recognition: Models, observations, transformations and in-

ferenceslJDAR 7(1):1-16, 2004.

This work was supported by the Swiss National Science [16] M. Zimmermann and H. Bunke. Optimizing the integration
Foundation program “Interactive Multimodal Information of a statistical language model in HMM-based offline hand-
Management (IM)2” in the Individual Project “Scene Anal- written text recognition. IrProc. 17th ICPR pages 541 —
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