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Abstract

In this paper, we consider the task of automatic
handwritten mail classification and we investigate the
relation between the transcription rate and the classi-
fication rate. Several configurations of a multi-word
handwriting recognizer using different language models
are tested and their word recognition rates on the doc-
uments to be classified are reported. For the document
classification task, we have investigated three different
classifiers (KNN, SVM, AdaBoost). All the experiments
were conducted on the public database Rimes.

1. Introduction

Automatic handwriting recognition has found indus-
trial applications since the beginning of the 90’s: at
this moment, the recognizers’s performances were suf-
ficient to be used in applications such as postal address
recognition [5] or bank check recognition [7]. However,
the use of automatic handwriting recognition engines is
still limited in other document image processing appli-
cations. This could be due to the fact that the recog-
nition error rate on free-format handwritten documents
seems to be very high compared to postal address or
bank check recognition, for which the information to
be recognized is very constrained: postal addresses are
validated with a postal database and bank check are val-
idated with other financial information. Conversely, on
free-format document the information is per se uncon-
strained.

Today, one of the main usage of unconstrained hand-
writing recognition is in mailroom applications. Large
organizations with a large number of private customers
such as telephone companies or administrations daily
receive from their clients a lot of paper documents that
they must process rapidly. Very often, they also have a
quality level commitment and they must process a mail

within 2 or 3 days after its reception. To cope with the
varying amount of received mails, they have no choice
but to automate the processing of the incoming mail.

Very few papers report results on both handwriting
recognition and document classification. In [16], the
authors reports handwriting recognition results on short
paragraphs and classification results of these paragraphs
into a small number of predefined classes. The database
is not publicly available and the classification model is
not standard, which make the results difficult to ana-
lyze. In [12], the authors studied the impact of on-
line handwriting recognition performance on text cat-
egorization. They compared two standard classifiers
(SVM and k-NN) on an handwritten version of a subset
of the Reuters-21578 corpus. In [3], a theoretical model
of the relation between the transcription error level and
the classification rate is given.

The Rimes database [2] was collected in order to
evaluate systems dedicated to the recognition and clas-
sification of handwritten mails sent by individuals to
companies or administrations. The database is com-
posed of handwritten mails written by 1300 volunteers
according to predefined scenario but using their own
words. Several competitions have been organized to
compare the performance on handwriting recognition
systems on isolated words [8] but no result yet has
been published on multi-word transcription and docu-
ment classification.

In this paper, we have tested 12 configurations
of handwriting recognizers and 3 classifiers for auto-
matic handwritten document classification on the Rimes
database. Our goal was to explore the impact of the
transcription errors on a document classification task.
We chose the configurations of the recognition system
not to minimize the transcription error rate but to be
representative of different levels of transcription error
rate. Since we have the human transcription of the
documents, we can directly measure the degradation of
the classifier performance with respect to the recognizer



transcription rate.

This article is organized in four parts : description
of the handwriting recognizers, description of the clas-
sifiers, experiments on the Rimes database and conclu-
sion.

2. Handwritten word recognition
2.1 Isolated word recognition

The isolated word recognizer is based on an explicit
segmentation of the word in parts called graphemes.
The segmentation is an over-segmentation which means
that a grapheme is either a character or subpart of a char-
acter. For each detected grapheme, a set of 74 relatively
simple features is computed (see [11] for details).

Hidden Markov models (HMM) are used to model
the decomposition of the words into letters and each
letter into graphemes. The topology of the model is
a simple left-to-right Bakis model topology with three
states for each letter HMM, each state corresponding
to a grapheme. The model is a hybrid neural network
HMM, where a multi-layer perceptron is trained to eval-
uate the posterior probability of each grapheme with re-
spect to the feature vector.

2.2 Multi-word recognition

The first step of the multi-word line recognizer is
the segmentation of the line into hypothesis of isolated
words. The segmentation is given by a neural network
which predicts for each grapheme if it belongs to the
same word or to two different words. The result of this
segmentation is a segmentation graph which encodes
the different segmentation options and their probabil-
ity. The isolated word recognizer is applied on each
object of the segmentation graph, and the list of all rec-
ognized word hypothesis with their probability is stored
in a word recognition transducer. This list can be pruned
to reduce the decoding time.

2.3 Language modeling (LM)

We have included a Language Model (LM) in the
multi-word recognizer. This LM defines the vocabu-
lary of the isolated word recognizer and allows a re-
scoring of the word recognition transducer with word
sequence statistics collected on a text corpus. This LM
is a smoothed n-gram encoded as a weighted finite state
transducer [1]. The smoothing method used for our LM
is the one proposed by Katz [10]. The re-scoring the
word recognition hypothesis with the LM is obtained
by composing the word recognition transducer and the

LM transducer. The best word sequence is obtained by
applying a best-path algorithm on the composed trans-
ducer.

3. Text classification

For the task of mail categorization, the text recogni-
tion process is followed by the classification of recog-
nized word sequences. We experimented three different
types of classifiers: k-Nearest-Neighbors (KNN), Sup-
port Vector Machines (SVM) and Adaptative Boosting
(AdaBoost). This section reviews these classifiers in
their basic versions. The Machine Learning community
has proposed numerous sophisticated variants to train
these classifiers, but these improvements are out of the
scope of this paper. Our goal here is to study the ef-
fect of text recognition accuracy on commonly available
classification methods.

3.1 Bag-of-words representation (BOW)

For our classification purpose, all mentioned classi-
fiers are applied on Bag-of-Words (BOW) representa-
tions of input mails. In other words, they do not take
into account the sequential order of recognized words,
and are invariant to word permutations within mails.

In this paper, we consider only binary BOW: each
word encountered in the training set corresponds to a
numerical feature that is 1 if the word is present in the
mail, and O otherwise. Other representations are possi-
ble, for instance the Term Frequency-Inverse Document
Frequency (TF-IDF) weighting [14]. But preliminary
experiments showed that using TF does not improve,
and TF-IDF even tends to degrade classification perfor-
mance. Even if IDF is relevant to reduce the influence
of common terms in text mining, it undervalues words
that are important for a some classification tasks.

As a matter of fact, the input dimensionality is high
when using BOW; It equals the vocabulary size of the
training dataset. So facing the curse of dimensionality
is a big challenge for the classifier, whose goal is to
generalize well from BOW training dataset to unseen
BOW test data.

3.2 k-nearest-neighbors (KNN)

KNN is a popular pattern classification algorithm as
it leads to competitive results despite its simplicity. This
instance-based lazy learner memorizes all training data.
Most of the computational effort is done when classi-
fying a test sample. This procedure consists in com-
puting determining the £ most similar training samples,
and returning a confidence-rated prediction based on the



similarity of these k nearest neighbors. The parameter
k controls the model complexity and can be chosen by
random validation. The higher k, the smoother is the
model.

The choice of the KNN similarity function is criti-
cal to obtain good classification results. The cosine be-
tween BOW is the state-of-the-art method for text cate-
gorization [13].

3.3 Support Vector Machine (SVM)

SVM [4] is also an appealing classifier since some
methods have been proposed to tackle somehow large-
scale problems [6]. Similarly to KNN, SVM is based
upon a similarity measure, the kernel, whose choice is
critical. The most common kernels are:

lin-SVM The dot product (linear),

cos-SVM The cosine, suitable for text categorization,

rbf-SVM The Gaussian kernel (radial basis function,
exponentially decreasing w.r.t the squared distance
times a parameter 7).

Given a classification problem with two classes,
SVM are trained to produce a confidence-rated predic-
tion that can be expressed as a linear combination of
kernel evaluations between the BOW test sample and a
subset of the entire BOW training dataset (the support
vectors). The objective function is a linear combination
of the hinge loss and the soft margin loss, parameterized
by a factor C' to monitor model regularization. A high
value of C will produce complex classifiers that can dis-
criminate between very complex patterns, but that may
also over-fit the training dataset and generalize poorly.
C (as well as y for rbf-SVM) can be chosen by random
validation.

The generalization of SVM to classification prob-
lems with more than two classes can be done in several
ways. Empirical studies have shown that one-vs-one
scheme is suitable for practical use [9].

3.4 Adaptative Boosting (AdaBoost)

The AdaBoost algorithm used in our experiments is
the Real AdaBoost MH algorithm described in [15].
The boosted weak learners are word selectors which
classify samples based on the presence or not of a given
word within an input BOW. For a given BOW training
dataset, the AdaBoost algorithm yields weights to train
the weak learners (one weight per sample and per class),
so as to have the greatest improvement on the empirical
objective function with each new weak learner. The op-
timal number of weak learners to keep after AdaBoost
learning can be chosen by random validation.

3.5 Three different types of classifiers

The above-mentioned classifiers correspond to sev-
eral designs of the classification decision function, and
can be divided in three groups.

lin-SVM is among the smoothest possible models
(linear discrimination between class pairs). cos-SVM
is equivalent to lin-SVM after a spherical normalization
all BOW inputs using Term Frequencies.

AdaBoost as described above acts like a feature
(word) selector, such as decision trees. By this way,
AdaBoost can easily discard words that are not relevant
for the classification task. These useless words can con-
stitute a cumbersome noise for KNN and SVM, which
handle BOW through a rigid similarity function.

KNN and rbf-SVM are template-matching based
methods. To work well, they need a good coverage of
the input space by the training samples, and are the most
severely affected by the curse of dimensionality.

4 Experiments
4.1 Databases

We describe in this section the data used to train and
test each part of the complete document classification
system.

4.1.1 Word recognition

We have trained the same isolated word recognizer on
two different databases. In both case, the recognizer is
case insensitive and the accents are removed.

IWR1 : this recognizer was trained on the same
database used for the ICDAR 2009 handwriting
competition [8]. This database is composed of
44,197 isolated words.

IWR2 : this recognizer was trained on a database of
isolated words extracted from envelops and bank
checks. This database is composed of 75, 000 iso-
lated words.

4.1.2 Language modeling

We have tested three different corpora to train the lan-
guage models (LM) used by the multi-word recognizer.

Rimes This corpus is the human transcription of the
1,151 handwritten letters of the Rimes database
used for training the isolated word recognizer. It is
independent from the test database used for evalu-
ating the transcription and the classification. The
total number of words in this corpus is 76,334.



TelCo This corpus is composed of the automatic tran-
scription of printed documents collected from a
client database. The client is a telephone company
(TelCo) and the documents are scanned images of
the correspondence between the company and its
clients. We collected 35 000 documents mainly
corresponding to printed letters. These documents
were transcribed using an OCR. The resulting cor-
pus is composed of 3,600,000 words. Even if this
corpus contains many recognition errors, it can be
used to train language models.

LeMonde This corpus is composed of 100,000 articles
published in the french newspaper Le Monde be-
tween 1994 and 2002. This corpus is composed of
40,000,000 words.

For the three corpora, we have removed the punctuation
and normalized all the words to upper case before train-
ing the LM. The lexicon used for the LM and for the
multi-word recognizer was limited to the 10 000 most
frequent words (in the case of Rimes, the total num-
ber of different words is below 10000). For each cor-
pus, the size of the selected vocabulary and its out-of-
vocabulary rate estimated on the classification database
is presented on the following table:

Training corpus | Vocabulary size | OOV rate
LeMonde 10 000 3.45%
TelCo 10 000 4.60%
Rimes 5879 4.81%

4.1.3 Classification

The documents in the Rimes database are classified into
nine different classes, unevenly distributed, correspond-
ing to the content of the mail. The following table gives
the class description (Class name) with their absolute
count (Count) and percent of total (%) :

Class name Count | %

account opening 108 542
financial difficulties 111 5.57
complaint 125 6.27
account closure 168 8.43
claim 189 9.48
reminder 196 9.83
change of personal information 219 11.0
request for information 374 18.8
change contract/order 503 25.2

] Total \ 1993 \ 100 \

All the classifiers were trained and tested on transcrip-
tions of a subset of the Rimes database composed of
1993 handwritten mails in french, that were not used to
train the word recognizer nor the language model. Only

the body text of the mails were used, in order to elim-
inate the errors due to the document layout analysis.
This subset is splitted randomly to produce two subsets
to train and validate the classifier (1196 and 397 mails)
and another separate subset on which to evaluate the
classifier (400 mails). To have a reliable evaluation, we
repeated this random sub-sampling 10 times (in exactly
the same way for all our experiments) and we present
the average of these cross-validation results.

The parameters of each classification learning proce-
dure were chosen so as to minimize the classification er-
ror rate on the validation dataset (379 mails at each val-
idation iteration). We remind that these parameters are:
k for the KNN, C' for the SVM (besides -y for rbf-SVM)
and the number of weak learner for AdaBoost. At each
step of cross-validation, we restricted each KNN and
SVM parameters search to a maximum of 20 trials, and
the number of boosted weak learners to a maximum of
300.

4.2 Results
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Figure 2. Box plot of classification rates
with respect to transcription rates

Table 1 presents transcription and classification er-
ror rates for several systems that are combinations of a
word recognizer, a language models and a text classi-
fier. The different configurations were selected in order
to cover a wide range of transcription error rate.

The first result of the transcription experiments is
that the corpus on which the language model is trained
has a huge impact on the recognizer performance: the
error rate increases by 50% (from 22.2% to 33.8%)
when using (LeMonde) a corpus large but far from the
application domain, compared to (Rimes) a corpus very
small but exactly on the domain. Using (TelCo) a small
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Figure 1. Classification results with respect to text recognizers and classifiers

corpus collected on similar documents, even with tran-
scription errors, yields good performance, with only a
17.5% increase of error rate.

The second result of the transcription experiments is
that, contrarily to language models, isolated word rec-
ognizer tend to perform better when it is trained on
a large dataset even if it is not typical of the task of
interest (IWR?2), rather than on a smaller dataset that
matches evaluation conditions IWR1).

Fig.1 shows all classification results for the differ-
ent text transcriptions, and Fig.2 shows classification
rates averages with respect to the transcription error
rate. 95% confidence intervals for all classification error
rates are around +/-1% (they are shown in Fig.1).

For a given a dataset to train the LM, as expected,
classification error rates increase as the transcription er-
ror rate increases. But in general, the classification error
rate is not monotonous with respect to the transcription
error rate: when using a LM trained on TelCo, classi-
fication results are worse than the ones obtained with a
LM trained on Rimes with the same transcription accu-
racy (Fig.2).

Regarding the different classifiers, lin-SVM and cos-
SVM outperform AdaBoost at a low transcription error
level but AdaBoost is more robust to transcription er-
rors. In our experiments, it outperforms other classi-
fiers for transcription error rates higher than 33%. KNN
and rbf-SVM always lead to the poorest performance:

they need more training data to generalize well given
the high input dimensionality.

5. Conclusion and perspective

In this paper, we have presented a set of experiments
on the Rimes database for an application to automatic
handwritten mail classification. We have tested several
combinations of isolated word recognizers, language
models and classifiers.

We have found that even if the transcription accu-
racy affects classification results, the classification rate
cannot be predicted using only the transcription rate.
We are interested in finding alternative measures on the
transcription to predict the classification performance.

Regarding the classifiers, the cosine SVM outper-
forms all the other classifiers at low transcription error
level, whereas Adaboost is more robust to transcription
errors. We also observed that classification on the hu-
man transcription still produce a certain amount of er-
rors (around 7%). Bag-of-words are perhaps too limited
to discriminate between mail classes.

We have also shown that the training corpus for the
language model is a key point in this kind of applica-
tion: a very small corpus very close to the application
domain is better than a large corpus far from the appli-
cation domain. We have shown that when there is no
electronic corpus available to train the language model,



Table 1. Text recognition and classification error rates

Word Language model Transcription Classification Error Rate (%)
Reco. | Corpus Order | Error Rate (%) || cos-SVM [ lin-SVM | AdaBoost [ rbf-SVM | KNN
[ Human transcription [ o [ 6.7 [ 7.5 [ 8.1 [ 7.9 I 13.7

IWR2 | Rimes 3-gram 22.2 11.3 12.7 13.5 15.0 18.6

IWRI1 | Rimes 3-gram 24.4 13.7 14.4 14.5 15.7 20.2

IWR2 | Rimes 1-gram 27.2 15.1 16.4 16.7 18.5 21.7

IWR1 | Rimes 1-gram 30.6 15.6 17.1 17.7 19.8 25.3

IWR2 | TelCo 3-gram 26.1 154 17.3 17.1 19.5 23.5

IWR1 | TelCo 3-gram 27.7 17.3 19.1 17.6 20.6 25.5

IWR2 | TelCo 1-gram 32.0 18.1 18.3 19.4 22.4 26.7

IWR1 | TelCo 1-gram 34.6 20.3 20.9 19.7 25.7 29.4

IWR2 | LeMonde 2-gram 33.8 17.6 18.5 17.4 23.2 21.1

IWR1 | LeMonde 2-gram 37.8 20.3 21.2 18.2 24.8 26.1

IWR2 | LeMonde 1-gram 40.9 20.4 20.8 19.2 27.9 24.1

IWR1 | LeMonde 1-gram 45.3 23.7 24.8 20.1 27.4 27.4
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