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Abstract

This paper investigates rejection strategies for unconstrained offline handwritten
text line recognition. The rejection strategies depend on various confidence mea-
sures that are based on alternative word sequences. The alternative word sequences
are derived from specific integration of a statistical language model in the hid-
den Markov model based recognition system. Extensive experiments on the IAM
database validate the proposed schemes and show that the novel confidence mea-
sures clearly outperform two baseline systems which use normalised likelihoods and
local n-best lists, respectively.
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1 Introduction

After four decades of research, writer independent recognition of unconstrained
offline handwritten text is still considered a very difficult problem. For this
task, recognition rates between 50% and 80% are reported in literature de-
pending on the experimental setup (Kim et al., 1999; Vinciarelli et al., 2004;
Zimmermann and Bunke, 2004b). By implementing rejection strategies in a
handwriting recognition system we are able to improve the reliability by re-
jecting certain parts of the input and increase the accuracy on the remaining
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text. Furthermore, we are able to detect parts that may not have been recog-
nised correctly and which we should either reject, classify with an additional
recognition system, or submit to a human operator.

A common way to reject input units, such as letters, words, or text lines is
to compute a confidence measure for each input unit. For such an approach
rejection strategies can be formulated as simple thresholding operations. If the
confidence measure of a letter, word, or text line exceeds a specific threshold,
the recognition result is accepted. Otherwise, it is rejected.

Confidence measures cannot be used only for rejection. They can play an im-
portant role in classifier combination methods, as well (Oza et al., 2005). In
general, however, confidence measures are domain specific, i.e. a confidence
measure that performs well for rejection probably achieves only poor per-
formance in a classifier combination task and vice versa. In this paper we
exclusively focus on rejection.

A large number of confidence measures have been proposed in the literature.
In contrast to previously published work in the domain of offline handwriting
recognition that concentrated on isolated characters or words, we address the
problem of rejecting words in the context of their surrounding text taking
advantage of the fact that a statistical language model supports the recognition
process. So far, confidence measures of this kind have only been applied in the
domain of continuous speech recognition (Sanchis et al., 2000; Zeppenfeld
et al., 1997). To the knowledge of the authors, it is the first time in this
paper that confidence measures based on candidates which are derived from
specific integration of a statistical language model are applied in handwriting
recognition.

Statistical language models and lexicon driven approaches have shown to en-
able substantial improvements to text recognition (Bazzi et al., 1999; Brak-
ensiek et al., 2000; Marti and Bunke, 2001; Shridhar et al., 1997; Vinciarelli
et al., 2004). The contextual knowledge obtained from the language model
helps to reduce the ambiguity of the segmentation. Furthermore, the search
space can be reduce because this knowledge often allows one to prune unlikely
hypotheses.

This paper builds upon some of our previous work (Zimmermann et al., 2004).
Additional confidence measures are presented and experiments are conducted
on a much larger scale. In contrast to (Zimmermann et al., 2004) we consider
text lines instead of sentences in this paper, which is a more general approach.

The remaining part of this paper is organised as follows. In Sect. 2, related
work is reviewed. The underlying recogniser is presented in Sect. 3.1. Next, the
generation of the alternative candidates is described in Sect. 3.2, while Sect. 3.3
introduces novel confidence measures proposed in this paper. Experimental
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results are provided in Sect. 4 and conclusions are drawn in the last section of
this paper.

2 Related Work

In the literature, a large number of confidence measures have been proposed.
They depend on the application and the underlying recogniser. In this section
related work in the domain of offline and online handwriting recognition, and
continuous speech recognition research is reviewed.

2.1 Offline Handwriting Recognition

In offline handwriting recognition confidence measures for address reading (Brak-
ensiek and Rigoll, 2004), cheque processing (Gorski, 1997), character (Pitrelli
and Perrone, 2003), and word (Koerich, 2004) recognition systems have been
proposed.

Confidence measures for an HMM based handwriting recognition system for
German address reading are introduced in (Brakensiek and Rigoll, 2004). In
order to reject isolated handwritten street and city names, four different strate-
gies based on normalised likelihoods and the estimation of posterior proba-
bilities are described. For likelihood normalisation the number of frames is
used, while for the estimation of posterior probabilities the normalisation
is performed using a garbage model, a two-best recognition strategy, and a
character-based recogniser.

Rejection strategies for cheque processing systems are presented in (Gorski,
1997), where an artificial neural network computes a confidence measure from
a set of 10-20 features. Most features represent quantities derived from the
scores of the n-best candidate list produced by the recogniser, for example,
the log of the best score.

Several confidence measures for an offline handwritten character recognition
system are investigated in (Pitrelli and Perrone, 2003). The measures of recog-
nition confidence are recognition score, likelihood ratio, estimated posterior
probability, and exponentiated probability. An additional confidence measure
is built by using a Multi-Layer Perceptron to combine the individual confi-
dence measures mentioned before.

Various rejection strategies for offline handwritten word recognition are pro-
posed in (Koerich, 2004). Class-dependent, hypothesis-dependent, as well as
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a class-independent and hypothesis-independent confidence measures are pre-
sented.

2.2 Online Handwriting Recognition

In (Pitrelli and Perrone, 2002) confidence measures are evaluated in the field
of online handwriting recognition. These confidence measures are similar to
those investigated in (Pitrelli and Perrone, 2003) for offline recognition. An
artificial neural network, combining different confidence measures, is used to
decide when to reject isolated digits or words.

Various confidence measures for online handwriting recognition are investi-
gated in (Marukatat et al., 2002). The confidence measures are integrated in
an isolated word recognition system as well as in a sentence recognition sys-
tem. Four different letter-level confidence measures based on different implicit
anti-models are applied. Anti-models are used to normalise the likelihood of
an unknown observation sequence by calculating the ratio between the prob-
ability of the hypothesised word and its anti-model.

2.3 Speech Recognition

In the field of continuous speech recognition additional confidence measures
based on the integration of a statistical language model are used. The inte-
gration of the language model in the recognition process can be controlled by
two factors: the Grammar Scale Factor (GSF) and the Word Insertion Penalty
(WIP) (Zimmermann and Bunke, 2004b). The GSF is used to weight the in-
fluence of the language model against the optical recogniser, while the WIP
helps to control over- and undersegmentation, i.e. the insertion and deletion
of words.

In (Sanchis et al., 2000) the GSF is used to classify incorrect words in a speech
recognition system. Two models based on acoustic stability are presented. The
study additionally investigates the reduction of computational costs of the
reject models.

Not only the GSF, but also the WIP is used in (Zeppenfeld et al., 1997) in
the field of conversational telephone speech recognition. Multiple candidate
sentences derived from GSF and WIP variations are used to determine the
confidence measure.
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Fig. 1. Preprocessing of the handwritten text line image. The first line shows the
original image, while the normalised image is shown on the second line.

3 Methodology

3.1 HMM Based Recognition System

The offline handwriting recognition system we used is based on the system de-
scribed in detail in (Marti and Bunke, 2001). It can be divided into three ma-
jor parts: preprocessing and feature extraction, Hidden Markov Model (HMM)
based recognition, and postprocessing.

In the preprocessing part skew, slant, and baseline position are normalised.
This normalisation is necessary to reduce the impact of the different writing
styles. An example of these normalisation steps is shown in Fig. 1. For any
further details we refer to (Marti and Bunke, 2001).

After preprocessing, a handwritten text line is converted into a sequence of
feature vectors. For this purpose, a sliding window is used. The window has
a width of one pixel and is moved from the left to the right, one pixel per
step, over the image, which was scanned with a resolution of 300 dpi. At
each position of the window, nine geometrical features are extracted. The first
three features contain the number of foreground pixels in the window as well
as the first and the second order moment of the foreground pixels. Features
four to seven contain the position of the upper and the lower contour, and the
first order derivative from the upper and the lower contour, respectively. The
last two features contain the number of vertical black-white transitions and
the pixel density between the upper and the lower contour. Again, we refer
to (Marti and Bunke, 2001) for further details.

In the HMM based recogniser an HMM is provided for each character. For all
HMMs a linear topology is used. This means that there are only two transitions
per state, one to itself and one to the next state. The number of states of a
character HMM is chosen depending on the individual character following the
procedure described in (Zimmermann and Bunke, 2002). A mixture of twelve
Gaussians is used to model the output distribution in each state. The character
HMMs are concatenated to word models. There is exactly one word model for
each word in the underlying lexicon.

For the training of the character HMMs the Baum-Welch algorithm (Rabiner,
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1989) is used. The recognition is performed by Viterbi decoding (Viterbi,
1967) supported by a statistical n-gram language model (Jelinek, 1990) with
backoff (Katz, 1987). N -gram language models are based on the observation
that we are often able to guess the next word when we are reading a given
text. In other words, the probability of a word is highly depending on the
previous text.

For the HMM based recogniser of this paper a word bigram language model is
used. In the case of bigram language models the previous text is approximated
by the last word and the dependency is modelled by the probability p(wi|wi−1),
where wi represents the considered word and wi−1 stands for the previous word.
The probability p(W ) of a text line W = (w1, . . . , wn) can then be computed
as follows:

p(W ) = p(w1)
n∏

i=2

p(wi|wi−1) (1)

Bigram language models seem to be a good trade-off between model accuracy
and generalisation. Unigrams are usually not able to describe the language
accuratly, whereas for trigrams more text is required to estimate the language
model probabilities reliably (Vinciarelli et al., 2004; Zimmermann and Bunke,
2004a).

For this paper the bigram language model is obtained from the LOB cor-
pus (Johansson et al., 1986). Upper and lower case words are distinguished
and punctuation marks are modelled as separate words.

The rejection strategies proposed in this paper are implemented as a postpro-
cessing step. Given the output of the HMM based recogniser, we first generate
K alternative candidates. Based on these candidates a confidence measure is
then calculated for each recognised word wi. Only if this confidence measure
exceeds a given threshold t the word wi is accepted.

The generation of the K candidates is explained in the following subsection
while the confidence measures are described in Sect. 3.3.

3.2 Generation of Alternative Candidates

The rejection strategies introduced in this paper are based on confidence mea-
sures derived from alternative candidate word sequences. This means that the
recogniser not only produces the top ranked word sequence, but also a list
of alternative candidate sequences which are used to compute the confidence
measures. The quality of these alternative candidates is a key aspect for a
good performance of the proposed confidence measures. In the ideal case, an
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alternative candidate sequence should distinguish itself from the top ranked
output word sequence exactly at the positions where top ranked output words
have been recognised incorrectly. Of course, in practice, this is rarely the case,
as alternative candidates sometimes differ in words that have been recognised
correctly or coincide with wrongly recognised words.

A common way to produce alternative candidates is the extraction of an n-
best list, containing the n highest ranked transcriptions of a given image of
handwritten text. However, it has been shown in the speech recognition liter-
ature (Zeppenfeld et al., 1997) as well as in the handwriting literature (Zim-
mermann et al., 2004) that candidates based on language model variations
have the potential to provide better rejection performance than n-best lists.
Therefore, we use language model variations to obtain the alternative candi-
dates.

For an HMM based recognition system with integrated language model, such
as the one used in this paper, the most likely word sequence Ŵ = (w1, . . . , wm)
for a given observation sequence X is computed in the following way:

Ŵ = argmax
W

log p(X|W ) + α log p(W ) + β m (2)

According to Eq. 2 the optical model p(X|W ), which is the result of the HMM
decoding, is combined with the likelihood of a text line p(W ) obtained from
the language model. Because the HMM system and the language model merely
produce approximations of probabilities, two additional parameters α and β
are necessary to compensate the deficiencies and to control the integration of
the language model. The parameter α is called Grammar Scale Factor (GSF)
and weights the impact of the statistical language model. The term Word
Insertion Penalty (WIP) is used for the parameter β. Multiplied with m, the
number of words in W , parameter β controls the segmentation rate of the
recogniser.

By varying the two parameters α and β, multiple candidates can be produced
from the same image of a handwritten text. To obtain K alternative candidates
Ŵi, we choose K different parameter pairs (αi, βi) i ∈ {1, . . . , K}.

An example of candidates based on language model variation is shown in
Fig. 2. Multiple recognition results are produced for the handwritten text
”Barry and Eric have enthusiasm.” The obtained candidates provide an illus-
tration of the impact of parameter βi on the segmentation of Ŵi. The average
amount of words for βi = −100 is 4.33, while for βi = 150 there are seven
words on average (including punctuation marks). Furthermore, we observe
that if we increase parameter α, nonsense word sequences, such as we m run
rush, are usually eliminated. Even though all the candidate text lines differ in
the example of Fig. 2, in general, the candidates may differ or not.
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i αi βi Ŵi

1 0 -100 Barry arm inch we enthusiasm
2 0 25 Barry arm inch we m run rush
3 0 150 B my arm inch we m run rush :
4 30 -100 Barry and include enthusiasm
5 30 25 Barry and Eric have enthusiasm
6 30 150 Barry and Eric have enthusiasm .
7 60 -100 Barry and include enthusiasm
8 60 25 Barry and include enthusiasm .
9 60 150 Barry and in have enthusiasm .

Fig. 2. Candidate text lines resulting from language model variation.

W Barry and Eric have enthusiasm .

Ŵ1 Barry arm inch we enthusiasm

Ŵ4 Barry and include enthusiasm

Ŵ9 Barry and in have enthusiasm .

Fig. 3. Example of aligning alternative candidates (Ŵ1, Ŵ4, Ŵ9) with the top ranked
output W .

3.3 Confidence Measures

The confidence measures proposed in this paper are derived from a list of
candidates. As described in Sect. 3.2, in addition to the recogniser’s top
ranked output W = (w1, . . . , wm), the list contains K alternative candidates
Ŵ1, . . . , ŴK , where Ŵi = (wi

1, . . . , w
i
m). The alternative candidates are aligned

with the top ranked output W using dynamic string alignment (Wagner and
Fischer, 1974). See Fig. 3 for an example. Based on the alignment a confi-
dence measure p(c|wi, n) is computed for each word wi of W in order to de-
cide whether to accept wi or to reject it. The quantity p(c|w, n) represents the
probability of a word w of the top ranked output beeing recognised correctly,
where c ∈ {0, 1} (0 stands for incorrect and 1 for correct) and n ∈ 0, . . . , K
corresponds to the number of times a word w is observed in the K alterna-
tive candidates. In the text below we describe the three different confidence
measures that are different approximations of the probability p(c|w, n). The
resulting rejection strategies will be called Strategy 1, Strategy 2, and Strat-
egy 3.

Strategy 1 is the simplest of the three strategies where p(c|n,w) is estimated
by p(c|n). The underlying assumption is that the probability of being correctly
recognised is independent of the considered word w. This assumption allows
a straightforward and robust estimation of p(c|n). The probability p(c|n) is
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then used as a confidence measure ρ1 for Strategy 1.

ρ1 = p(c|n) (3)

During the training phase, the quantities p(c|n) are estimated for every n =
0, . . . , K using the relative frequencies obtained from the training set. Al-
though Strategy 1 is simple to train and to use, the following two limitations
will possibly lead to a limited performance of confidence measure ρ1.

• The assumption that the probability of a correct recognition is independent
of the considered word may be too strong. There are words that are easy to
recognise, while others are more difficult.

• Because Strategy 1 assigns the same weight to all alternative candidates
just summing up the number of identical word instances among the K
alternative candidates may lead to some information loss. This procedure
seems reasonable as long as all alternatives are of more or less of the same
quality and reliability. In general this condition is not true.

In Strategy 2 and Strategy 3 we try to overcome these two potential weak-
nesses.

Strategy 2 takes into account that some words are more likely to be recog-
nised correctly than others. In its confidence measure ρ2, Strategy 2 explicitly
considers the current word w, instead of assuming that the recognition result
is independent of word w, as it was supposed in Strategy 1. For Strategy 2
the Bayes’ rule is used to reformulate p(c|n, w):

p(c|n, w) =
p(n|c, w) · p(c|w)∑

x=0,1 p(n|x, w) · p(x|w)
(4)

We then simplify the right hand side of Eq. 4 using the assumption that
p(n|c, w) ' p(n|c). By means of this approximation the resulting confidence
measure ρ2 is defined as follows:

ρ2 =
p(n|c) · p(c|w)∑

x=0,1 p(n|x) · p(x|w)
(5)

Both p(n|c) and p(c|w) are estimated using relative frequencies obtained from
the training set during the training phase. If there are no or not enough train-
ing samples for a word w to estimate p(c|w), confidence measure ρ1 is used
instead of ρ2.

Strategy 3 addresses the problem that some sources of candidates are more
reliable than others. The sources which produce better results should have
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a larger impact on the confidence measure than sources of weaker quality.
Confidence measure ρ3 of Strategy 3 is based on a Multi-Layer Perceptron
(MLP) with a single hidden layer that conceives the rejection strategy as
a two-class classification problem. Based on a feature vector extracted from
the K alternative candidates, the system must decide whether to accept a
word, or to reject it. As an additional benefit the MLP is able to consider
relations between different sources of alternative candidates, as these sources
are typically not independent.

For the MLP architecture we choose K input neurons, one hidden layer with
l neurons, and two output neurons. The feature vectors (x1, . . . , xK) are ac-
quired from the alternative candidates. For every word in the input, each al-
ternative candidate Ŵi contributes one element xi to the feature vector where
xi = 1 if the word of Ŵi matches the word in the top ranked output, and xi = 0
otherwise. The output neurons y0 and y1 represent the score for acceptance
(y1) and the score for rejection (y0), respectively. The score for acceptance y1

is used as the confidence measure ρ3 of Strategy 3.

ρ3 = y1 (acceptance score of the MLP) (6)

To illustrate the performance of the proposed confidence measures we imple-
ment two additional confidence measure which act as baseline systems against
which the previously described confidence measures are compared.

The first baseline system uses confidence measures based on normalised likeli-
hoods. The HMM based recogniser accumulates likelihoods for each frame, i.e.
each position of the sliding window. The resulting likelihood score for a word
is used in the decoding step. Because the raw recognition score is influenced by
the length of the handwritten word it is normalised by the number of frames.
The result is an average likelihood which is then used as confidence measure.

The confidence measure of the second baseline system is derived from local
n-best lists. These n-best list are obtained from the recognition lattice. The
recognition score of the second best word hypothesis score is divided by the
score of best word hypothesis. One minus this ratio is then used as a confidence
measure.

4 Experiments and Results

All experiments reported in this paper make use of the Hidden Markov Model
(HMM) based handwritten text recognition system described in Sect. 3.1.

10



4.1 Experimental Setup

A writer independent text line recognition task is considered where no hand-
written samples of the writers in the test set are available for the training
or the validation of the recognition system. The text lines originate from the
IAM database (Marti and Bunke, 2002). The recognition system is trained on
6166 text lines (283 writers). The rejection strategies are trained on 3686 text
lines (201 writers). The MLP strategy is validated on another 941 text lines
(43 writers). Finally, the test set consists of 1863 text lines written by 128
writers. All these data sets are disjoint, and no writer has contributed to more
than one set. The underlying lexicon includes all those 12,502 words classes
that occur in the union of the training, validation, and test sets. To determine
(α, β) of the top ranked candidate the two parameters are optimised globally.
This optimisation is performed on part of the rejection training set (900 text
lines written by 46 writers). The value of K for the number of alternative
candidates is set to 64. Eight different values for each of the parameters α and
β are used. Parameter α is equally varied between 0 and 60 (step size: 8.5),
while β is equally varied between -100 and 150 (step size: 36). The optimised
value for (α, β) is found at (20, 20).

4.2 Evaluation Methodology

To evaluate the rejection strategies a confusion matrix is used. A word can
either be recognised correctly or incorrectly. In both cases the recognition
result may be accepted or rejected by the postprocessing procedure which
results in one of the four following outcomes:

• Correct Acceptance (CA) - A correctly recognised word has been accepted
by the postprocessor.

• False Acceptance (FA) - A word has not been recognised correctly but has
been accepted by the postprocessor.

• Correct Rejection (CR) - A incorrectly recognised word has been rejected
by the postprocessor.

• False Rejection (FR) - A word that has been recognised correctly has been
rejected by the postprocessor.

A Receiver Operating Characteristic (ROC) curve can then be constructed by
plotting the False Acceptance Rate (FAR) against the False Rejection Rate
(FRR) (Maltoni et al., 2003). These measures are defined as follows:

FAR =
FA

FA + CR
(7)
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Fig. 4. Estimated probability p(c|n) of being correct as a function of n.

FRR =
FR

FR + CA
(8)

A second characteristic curve is the Error-Reject Plot where the Error Rate
(ERR) is plotted against the Rejection Rate (REJ). ERR and REJ are defined
as follows:

ERR =
FA

CA + FA
(9)

REJ =
CR + FR

CA + FA + CR + FR
(10)

4.3 Training and Validation

The quantities p(c|n), p(c|w), and p(n|c) are estimated on the rejection strat-
egy training set using relative frequencies. The MLP of Strategy 3 is trained
using standard back-propagation. Figure 4 shows the resulting probabilities
for p(c|n). As expected, the probability of a word being correctly recognised
is usually higher if the word appears more often among the alternative candi-
dates. A few examples of the probabilities p(c|w) are listed in Fig. 5 illustrating
the fact that short words are often more difficult to recognise correctly than
longer words. The estimations of the probabilities p(n|c) are shown in Fig. 6.

To conduct experiments with Strategy 3, the number of hidden neurons l
of the MLP has to be determined on the validation set. On the validation
set we evaluated each value of l ∈ (1, . . . , 50) using the Equal Error Rate
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w p(correct|w)
do 0.14
get 0.65
his 0.89
other 0.86
which 0.99

Fig. 5. Extract of the estimated probabilities p(c|w) from training set.
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p(n|c=correct)
p(n|c=incorrect)

Fig. 6. Estimated probability p(n|c) of appearing n times in the alternative candi-
dates.

(EER) (Maltoni et al., 2003). For l = 6 hidden neurons the system performed
best.

4.4 Test Set Results

The experimental results on the test set are shown in the ROC curve plot of
Fig. 7. The three proposed confidence measures as well as the two baseline
measures are shown. The proposed confidence measures clearly outperform
the baseline measures. Furthermore, the more complicated confidence mea-
sures of Strategy 2 and Strategy 3 perform better than Strategy 1. The best
performing confidence measure is Strategy 2, indicating that the considered
word delivers more information than the consideration of the source of the
alternative candidates performed in Strategy 3. However, because Strategy 2
is based on the quantities p(c|w) the training of Strategy 2 is dependent on the
underlying lexicon. If this lexicon is extended or changed, in general, Strat-
egy 2 has to be adapted as well. Thus, if more flexibility concerning the lexicon
is required, Strategy 3 has to preferred.
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The tradeoff between remaining errors and rejects is depicted in Fig. 8. In
terms of error-reject statistics, the best performing confidence measure (Strat-
egy 2) performs as follows: without any rejection the word error rate is equal
to 29.3%. To attain a word error rate of 10% a rejection rate of 34.8% is
required.
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5 Conclusions

This paper investigated various rejection strategies for an HMM based off-
line handwritten text recognition system supported by a statistical n-gram
language model. The rejection strategies depend on different confidence mea-
sures that are used in a postprocessing step to decide whether to accept or to
reject a recognised word in a given line of handwritten text.

The proposed confidence measures are based on a set of alternative text line
candidates. To generate these alternative candidates we make use of the fact
that the inclusion of a statistical language model in the recognition process can
be controlled by the two parameters grammar scale factor and word insertion
penalty. By varying these two parameters multiple candidates are produced.

The first proposed confidence measure, Strategy 1, is only based on the number
of times a recognised word appears among the alternative candidates. The
confidence measure of Strategy 2 also takes into account the considered word
class, as some words are more likely to be correctly recognised than others. A
Multi-Layer Perceptron is used in Strategy 3 to combine the results from the
various alternative candidate sources.

Experiments have been conducted on a large set of text lines from the IAM
database. Confidence measures based on normalised likelihoods and on local
n-best lists were used as benchmarks in the evaluation of the performance of
the proposed confidence measures. Each of the proposed confidence measures
substantially outperforms the confidence measures of the baseline systems.
The best performing confidence measure of Strategy 2 takes into account the
considered word class and attained a false acceptance rate of 20% at a false
rejection rate of less than 19%.
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