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Abstract

This article describes the isolated word recognizer
presented by the authors to the ICDAR 2009 French
handwriting recognition competition. This system is a
combination of three isolated word recognizers based
on different features and models. A novel n-best com-
bination method is proposed and compared to standard
combination methods. New results on the ICDAR 2009
test database are reported.

1. Introduction

In the domain of handwriting recognition, several
different technologies are today competing for the
state-of-the-art performances : hidden Markov mod-
els (HMM) based on Gaussian mixtures models, hy-
brid neural network-HMM, recurrent neural networks,
recognizers based on grapheme segmentation or based
on a sliding windows. Regarding the features used by
the different models, no consensus has emerged on the
best features, contrary to what has happened in speech
recognition with the mel-scaled cepstral coefficients.
The different technologies lead to recognizers with dif-
ferent behaviour, so that the combination of these rec-
ognizers allows to dramatically improve the recognition
performances [4]

The ICDAR 2009 competition for French isolated

handwritten word recognition [6] allowed to compare
the recognition systems from eight different research
laboratories and based on a large variety of technolo-
gies. Among these systems, four were based on a single
recognizer (TUM, Irisa, Itesoft, LSIS) and four were a
combination of several recognizer : Telecom ParisTech
- A2iA (3 recognizers), Litis ( 2 recognizers), UPV (4
recognizers), Siemens (10 recognizers). Regarding the
recognition results, all the systems based on combina-
tions performed better than the systems based on a sin-
gle recognizer, with the exception of the TUM system
which was a single recognizer and outperformed all the
other systems.

The problem of combining classifiers or recogniz-
ers has been extensively studied and many combination
schemes are possible in sequential, in parallel, in hier-
archical order, with and without training [7]. In this
work, we only consider combinations in parallel since
we combine lists of candidates provided by classifiers
considered as independent.

In [5], two forms of HMM and a recurrent neural net-
work were combined using different combination meth-
ods and a novel method (exponential Borda count) was
proposed. This combination method allowed a reduc-
tion of almost 20% of the error rate on the IAM data
base. In [3], Al-Hajj et al. proposed a neural net-
work combination method in order to combine the re-
sults of three HMM word classifiers with sliding win-
dows of different angles. This combination scheme pro-



vided better results than standard state-of-the-art meth-
ods (like Sum-Rule, Plural Vote and Borda Count).

This article describes the recognition system sub-
mitted to the ICDAR 2009 competition for French iso-
lated handwritten word recognition [6] by A2iA, Tele-
com ParisTech and the University of Balamand. This
system is a combination of three recognizers based on
two different and complementary techniques : Gaus-
sian HMM based on sliding window and hybrid neural
network HMM based on grapheme segmentation. We
also describe the improved neural network combination
method that we used for the competition.

We present recognition results on the same test
database as the ICDAR 2009 competition so that a di-
rect comparison with the other systems in competition
is possible. We report recognition results with accen-
tuated characters that complement the results presented
for the competition.

In section 2, we describe the three different hand-
written word recognizers that we combined. In sec-
tion 3, we recall several standard combination methods
and describe our method based on neural networks. In
section 4, we compare 5 combination methods of our 3
recognizers on the ICDAR 2009 database. We recall the
results of the other systems in competition and report
supplementary results on accentuated character recog-
nition.

2 Description of the word recognizers

In our experiments, we have combined three dif-
ferent handwritten word recognizers based on HMM :
one recognizer based on grapheme segmentation and
a Multi-layer perceptron classifier (MLP-HMM) and
two recognizers based on sliding windows and Gaussian
mixture classifier (GMM-HMM). The characteristics of
the different recognizers are summarized in Table 1.

2.1 Feature Extraction

We have trained recognizers on two kinds of fea-
tures, based on either grapheme extraction or sliding
windows.

2.1.1 Grapheme-based feature extraction

For this kind of feature extraction, each word is seg-
mented into graphemes, which is either a character or a
subpart of a character. The grapheme segmentation pro-
cess is based on the detection of singular points (bottom
part of concavities, extremities of horizontal segments)
on the contour of the connected components.

For each detected grapheme, a set of 74 features is
computed based on grapheme characteristics, pixel den-
sities and profiles [8]. In order to cope with the vari-
ability of grapheme extraction, grapheme classes are
defined using a K-Means algorithm on all the features
extracted from the training database. The number of
classes is a parameter to be found on an independent
validation set.

2.1.2 Sliding windows feature extraction

For this kind of feature extraction, a sequence of feature
vectors is extracted from left to right through overlap-
ping windows. In our experiments, the window width
was set to 8 pixels, the overlap between two sliding
windows to 4 pixels, and the number of cells per win-
dow to 20. Within each window a set of 28 geomet-
ric features is extracted based on pixel densities, back-
ground/foreground transitions, concavities patterns [3].
The feature vector is extended with its first order deriva-
tive.

2.2 HMM word modeling

A word HMM is defined by the concatenation of its
compound character HMM models. All the character
models share the same topology: number of emitting
states, with left-right transitions and skips allowed. In
the case of grapheme segmentation, each state of the
character HMM model corresponds to a grapheme. We
have defined 78 different case and accent sensitive char-
acter models, which can be letters (accentuated or not),
numerals, symbols (hyphen, apostrophe, etc.) or si-
lence.

2.3 Observation modeling

2.3.1 Gaussian mixture

For the GMM-based recognizers, the observation prob-
ability density for each state is modeled with a mixture
of 20 Gaussian distributions (GMM). We have tried two
training procedures for GMM :

incremental : start with a flat initialization on a single
Gaussian HMM and then increase progressively
the number of Gaussians in the mixtures until the
likelihood’s variation becomes small.

direct : start directly with a 20 Gaussian mixture and
train the model with fifteen EM iterations. The
EM algorithm used in this case is the iterative
segmental-EM or the Viterbi algorithm (a specific
EM case usingL∞ norm) [9].



2.3.2 Multi-layer perceptron

In the MLP-HMM recognizer, a neural network is
trained to evaluate the posterior probability of each
grapheme class with respect to the feature vector. The
neural network is a multi-layer perceptron with as many
input neurons as features (74), one hidden layer and as
many output neurons as grapheme classes. The neural
network was trained in a supervised way with a stochas-
tic gradient back-propagation training algorithm. The
number of neurons on the hidden layer is found by val-
idation on a independent validation set.

The hybrid NN-HMM was trained using the follow-
ing procedure :

1. Cluster the feature vectors from the train database
using ak-Means algorithm (initialization). The
value k is given and defines the number of
grapheme classes (whose posterior probabilities
are predicted by the neural network). The cluster-
ing algorithm defines an annotation of the database
at feature level.

2. Train the neural network on the annotated base of
feature vectors

3. Compute the sequences of observation probability
with the new neural network for all words in the
train set.

4. Train the HMM on the sequences of observation
probability using the Baum-Welch algorithm.

5. Decode the training set with the hybrid NN-HMM
recognizer in order to create an annotated base of
feature vectors.

6. Go back to item 2. until no improvement is ob-
served on the recognition rate

The convergence is usually observed after 3 to 5 it-
erations. Note that this procedure is similar to the
Expectation-Maximization algorithm, with 2. and 4.
being the maximization steps and 3. and 5. being the
Expectation steps.

2.4 Context-dependent character modeling

For one of the GMM-HMM system, we have used
context-dependent models of characters, called tri-
graphs, as described in [2]. The main drawback of
context dependent models is the very high number of
possible different trigraphs, leading to a too large num-
ber of parameters to estimate on the available training
database. Hence, parameter clustering is considered : a

transition matrix tying and a state-level tree-based clus-
tering permits to divide the number of state definitions
by ten, and the final number different trigraphs by three.
The binary questions defining the decision trees have
been specifically created for an offline cursive Latin
handwriting recognition task.

The training of context-dependent character models
is performed as follows :

• Monograph initialization : build character HMMs
with 8 states and 1 Gaussian per state; estimate the
models with the Baum-Welch algorithm.

• Trigraph initialization : for each character, all the
trigraphs (listed from the training lexicon) cen-
tered on this character are initialized with the cor-
responding monograph HMM.

• Trigraph estimation : run the Baum-Welch algo-
rithm with the contraint that all trigraphs centered
on a same letter share the same transition matrix.

• Trigraph states clustering : cluster the states for
each position of each central character using a top-
down clustering algorithm based on binary deci-
sion trees

• Gaussian mixture increase : alternate gaussian
splitting and re-estimation until 20 gaussian dis-
tributions per mixture is reached.

Tree-based clustering of states was chosen instead
of data-driven clustering because of its usefulness for
decoding : if the test and train lexicons are different,
any unseen trigraph of the new lexicon can be modeled
thanks to decision trees.

3 Combination methods

In this work, we consider the combination of the out-
puts ofK isolated word recognizers. For every image
of word to be recognized, each recognizer, denotedRi,
provides a list ofN hypothesishij along with scores
sij .

3.1 Rank-based combination methods

3.1.1 Plural Vote

In this method, the hypothesis which is the most fre-
quent in the firstN ranks for each recognizer is consid-
ered as the best hypothesis. The result of the combina-
tion is the wordw∗ ∈ W such that :

w∗ = arg max
w∈W





K
∑

i=1

δ(w,

N
⋃

j=1

hij)







Grapheme MLP-HMM GMM-HMM HTK GMM-HMM HCM
Segmentation grapheme sliding window sliding window
Feature vector size 74 56 56
Number of states per character HMM 3 8 8
Observation Classifier Multi-layer perceptron 20 gaussian mixture 20 gaussian mixture
Gaussian Training algorithm - incremental direct
Context-dependant character models no yes no
Library A2iA HTK HCM

Table 1. Overview of characteristics of the 3 word recognize rs.

with

δ(w,X) =

{

1 if w ∈ X

0 otherwise

3.1.2 Borda Count

For this method, a score is computed depending on its
rank in the list. If lists ofN candidates are considered,
the first-place candidate receivesN votes, the second
candidateN − 1, etc, and the candidate ranked last re-
ceives 1 vote. The result of the combination is the word
w∗ ∈ W such that :

w∗ = arg max
w∈W

(

K
∑

i=1

N − ri(w) + 1

)

andri(w) is the rank of wordw in the list provided by
Ri. If w is not in the list,ri(w) = N + 1.

3.1.3 Exponential Borda Count

The Exponential Borda Count method was presented as
an enhancement to the original Borda Count combina-
tion method [5]. The vote of candidate at rankri is
changed fromN −ri +1 to (N −ri +1)p, p ≥ 1 where
p is optimized on an independent validation database.
The result of the combination is the wordw∗ ∈ W such
that :

w∗ = arg max
w∈W

(

K
∑

i=1

(N − ri(w) + 1)p

)

3.2 Score-based combination methods

For score-based combination methods, each recog-
nizer should be able to give a score to any word, even if
it is not in the N-best hypothesis.In this case, the score
of this word according to the recognizer is set to 0. This
allows to extend the score functionSi for a given rec-
ognizerRi to all words in the vocabulary :

Si(w) =

{

sij if ∃j such that hij = w

0 otherwise
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Figure 1. Topology of the neural network
for the combination of two recognizers
(not all connections are shown).

In our experiments, the scoressij are normalized over
theN -best word candidates for each recognizer.

3.2.1 Sum Rule

Even if the sum-rule is one of the easiest way of com-
bining lists of candidates, it is quite resilient to estima-
tion errors [7]. The result of the combination is the word
w∗ ∈ W such that :

w∗ = arg max
w∈W

(

1

K

K
∑

i=1

Si(w)

)

3.2.2 Combination with a neural network

We propose an extension of the combination model
based on a Neural Network previously proposed by Al-
Hajj [3]. The previous method allowed to combine the
best response ofK recognizers into a single response.
A drawback of this method is that if none of the rec-
ognizers outputs the right answer in first position, the
combination has no chance of finding the true class (no



reordering of answers is made). One way to improve
this method is to consider for each recognizer a list of
candidates, and to combine the different list with the
neural network.

The input vector of our combination neural network
is the score given by each recognizer to each hypothesis
at rankj in all the lists of candidates, taken for allj :

[Sk(hij)] ∀i, k ∈ {1, . . . ,K} ∀j ∈ {1, . . . , N}

The size of the input vector isK2 ×N . For the training
of the neural network, we define the target output vec-
tor as a binary vector of sizeK × N , where for each
recognizer, is coded if the hypothesis at rankj was the
correct word or not:

[δ(hij , w
∗]) ∀i ∈ {1, . . . ,K} ∀j ∈ {1, . . . , N}

whereδ is the kronecker function. The number can-
didates in the listN and the number of hidden cells
are found empirically with a validation set (in our ex-
periments, N=5 and we used 30 hidden units). The
neural network topology for combining two recogniz-
ers is given on Fig. 1. After training, the neural net-
work provides a rescoring of the candidateshij ∀i ∈
{1, . . . ,K} ∀j ∈ {1, . . . , N}. Then the sum-rule is
applied to merge the answers which correspond to the
same word. The word with the highest score is selected
as the result of the combination.

4 Experiments

4.1 The Rimes/ICDAR2009 database

We have trained and tested our combinations of
handwritten word recognizers on the Rimes database
[1] and use the ICDAR2009 [6] data and evaluation
procedure : 44197 word images are given for train,
7542 word images for validation, and7464 word im-
ages for test. The training lexicon includes4500 words,
the validation lexicon includes1600 words and so does
the test lexicon. It can be noted that the lexicons are
case and accents sensitive and that lexicons are differ-
ent from training/validation to test. All the recognizers
were trained on the train database, the hyper-parameters
for the regognizers or for the combinaison were opti-
mized on the validation set and all the recognition re-
sults are given on the test set. Three different tasks were
defined during the ICDAR2009 competition :

• the WR1 task where each word of the test is associ-
ated to a list of 99 words chosen randomly among
test words in addition to the right transcription.

Recognizer/combination
Task

WR2 WR3
Grapheme MLP-HMM 81.4±0.9 75.7±1.0

GMM-HMM HTK 80.7±0.9 76.1±1.0

GMM-HMM HCM 77.6±1.0 72.0±1.0

Sum Rule(HTK,HCM) 83.6±0.8 79.5±0.9

Sum Rule(HTK,MLP-HMM) 89.1±0.7 85.4±0.8

Borda Count 85.0±0.8 82.4±0.9

Plural Vote 86.3±0.8 83.2±0.9

Exp. Borda Count 88.6±0.7 85.4±0.8

Sum Rule 89.9±0.7 86.8±0.8

Neural Network 90.3±0.7 86.9±0.8

Table 2. Correct recognition rates in %
with confidence intervals for the different
combinations of recognizers for the tasks
WR2 and WR3 (case insensitive and ac-
cent less).

• the WR2 task where the given dictionary is com-
posed of all the test words (1612 words).

• the WR3 task where the given dictionary contains
also words of the training dataset (5334 words)

We report here only results on task WR2 and WR3 that
we consider more difficult and more realistic than WR1.

4.2 Results

The recognition results of the systems obtained with
the different combinaison schemes are presented on Ta-
ble 2. The reported rates are computed without taking
into account the case and accent (case insensitive and
accent less) for the tasks WR2 and WR3. The recog-
nition rate of each individual recognizer is also given.
This table shows that the error rate can be reduced by
50% by combining several classifiers : on average, each
classifier achieve 80% of recognition rate individually
and more than 90% of recognition can be achieved by
combining them. Moreover, the combination of clas-
sifiers based on different technologies is more efficient
than the combinaison of similar classifiers, as noted by
[5]. The combination of two classifiers based on slid-
ing window HMM (HTK and HCM) yield recognition
rates of 83.6% (WR2) and 79.5% (WR3) whereas com-
bining a sliding windows HMM and a grapheme based
MLP-HMM yield recognition rates of 89.1% (WR2)
and 85.4% (WR3).

Regarding the combination methods, the methods
based on the rank (Borda Count, PluralVote, Exponen-
tial Borda Count) are less efficient than the methods us-



System
GT normalized GT

Top1 Top10 Top1 Top10

TUM 93.2 99.0 93.4 99.0
A2iA-Telecom 89.2 97.2 90.3 98.7
UPV 86.1 98.0 86.4 98.0
Siemens 81.3 96.4 81.7 96.4
IRISA 79.6 92.8 80.0 93.3
LITIS 74.1 94.9 75.6 94.9
Itesoft 59.4 76.7 68.1 86.9

Table 3. Correct recognition rates in % for
the different systems in competition at IC-
DAR 2009 for the task W2.

System
GT normalized GT

Top1 Top10 Top1 Top10

TUM 91.0 98.3 91.4 98.4
A2iA-Telecom 85.4 95.5 86.9 98.1
UPV 83.2 96.8 83.8 96.9
IRISA 74.7 90.3 75.7 91.5
Siemens 73.2 93.4 74.4 93.5
LITIS 66.7 91.6 67.4 93.5
LSIS 52.4 54.9 57.3 60.4
Itesoft 50.4 72.9 57.6 82.6

Table 4. Correct recognition rates in % for
the different systems in competition at IC-
DAR 2009 for the task W3.

ing the recognition score (Sum rule, neural network).
The best recognition rates are reached with the sum-
rule and the neural network combinations, with similar
recognition rates at 90.0% (WR2) and 86.9.0% (WR3).

The Tables 3 and 4 summarize the recognition results
of the ICDAR 2009 competition. We have added the
recognition results of the A2iA-Telecom ParisTech sys-
tem with accents than were not submitted to the compe-
tition. With these new results, the A2iA-Telecom Paris-
Tech system rank second on both W2 and W3 tasks.

5 Conclusion

In this paper, we have presented the recognition sys-
tem submitted by A2iA, Telecom ParisTech and the
University of Balamand to the ICDAR 2009 handwrit-
ten word recognition competition. This system is a
combination of 3 recognizers based on different feature
extractions (grapheme and sliding windows) and differ-
ent HMM (based on multi-layer perceptron or gaussian

mixture models). We have have proposed a novel n-best
combinaison with neural network and compared several
combination scheme. We have shown that the combina-
tions based score (sum rule and our novel method) out-
perform the combinations based on rank. New results
on the ICDAR 2009 test database complete the result
already published: with theses results, our system fin-
ishes in second position.
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