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Abstract
Handwritten Text Recognition is a problem that has gained at-
tention in the last years due to the interest in the transcription of
historical documents. Handwritten Text Recognition employs
models that are similar to those employed in Automatic Speech
Recognition (Hidden Markov Models and n-grams). Dictation
of the contents of the document is an alternative to text recogni-
tion. In this work, we explore the performance of a Handwritten
Text Recognition system against that of two speech dictation
systems: a non-multimodal system that only uses speech and
a multimodal system that performs a text recognition which is
used in the posterior speech recognition. Results show that the
multimodal combination outperforms any of the other consid-
ered non-multimodal systems.
Index Terms: speech recognition, dictation, language mod-
elling, handwritten text recognition

1. Introduction
In the last years, many on-line archives and digital libraries
are publishing large quantities of digitised legacy documents.
These documents must be transcribed into an appropriate tex-
tual electronic format in order to allow text-based search of their
contents and provide historians and other researchers new ways
of indexing, consulting and querying their contents. However,
the vast majority of these documents (hundreds of terabytes of
digital image data) remain waiting to be transcribed into a tex-
tual electronic format. Therefore, manual transcription of these
documents is an important task for making available the con-
tents of digital libraries.

These transcriptions are usually carried out by experts in
paleography, who are specialised in reading ancient scripts.
These scripts are characterised by different handwritten/printed
styles from diverse places and time periods. The time that takes
for an expert to make a transcription of one of these documents
depends on their skills and experience. Most paleographs agree
that each page needs several hours to be transcribed.

In this context, Handwritten Text Recognition (HTR) [1]
has become an important research topic. HTR tries to obtain
the word sequence contained in the image of a handwritten text
line. This process needs a previous detection of lines of text
in an image, as well as some preprocessing steps to make the
handwritten text more regular. The final result is a sequence of
words (transcription) of the text line, that may contain errors.
When the rate of errors of the transcription is low enough, HTR
can be a very useful tool to speed up the transcription of hand-
written text documents.

However, when consulting paleographs on the most com-
fortable method to transcribe a handwritten text document,
many of them claim that a dictation of the words is the best
option. Consequently, Automatic Speech Recognition (ASR)

systems are an important alternative to HTR systems. In addi-
tion, the current state-of-the-art ASR and HTR systems share
many features: Hidden Markov Models (HMM) [2, 3] are used
to model the basic elements of the signal (sounds for speech,
strokes for handwritten text) and n-grams language models
(LM) are used to model word sequences [2]. From this view-
point, HTR systems fit in the Natural Language Processing
paradigm. Therefore, many features that are usual to ASR sys-
tems (such as the use of training data for HMM and n-grams)
are common to HTR systems as well.

The similarities between the two types of systems make
possible to combine them easily into a multimodal system that
may obtain a more reliable final hypothesis, since two differ-
ent data sources (handwritten text and speech) can be used.
In fact, previous attemps in combining handwritten input and
speech input have been done [4], but most of them center in the
use of on-line handwritten text. In this work, we compare the
use of speech dictation to transcribe handwritten text documents
against the direct use of text recognition. Speech dictation is de-
veloped in non-multimodal (when only an ASR system is avail-
able) and multimodal (when both HTR and ASR systems are
available) scenarios. We will show that using an initial HTR
recognition allows to restrict the set of ASR hypothesis and
obtain better results than only using text recognition or plain
speech dictation.

The paper is organised as follows: Section 2 describes the
fundamentals of a HTR system, Section 3 explains the use of
the HTR decoding to improve the ASR recognition, Section 4
summarises the experimental set-up, Section 5 shows the re-
sults, and Section 6 provides the main conclusions and future
work lines in this field.

2. Handwritten text recognition
The HTR problem can be formulated as the problem of finding
the most likely word sequence, w = (w1, w2, . . . , w|w|), for
a given handwritten sentence image represented by a feature
vector sequence, x = (x1, x2, . . . , x|x|):

ŵ = argmax
w

P (w|x) = argmax
w

P (x|w)P (w) (1)

P (x|w) is typically approximated by concatenated character
models, usually HMMs, and P (w) is approximated by a word
LM, usually n-grams [2]. HMMs are used in the same way as
they are used in the current ASR systems [3]. The most im-
portant differences lay in the type of input sequences of feature
vectors: while in the case of ASR they represent acoustic data,
the input sequences for off-line HTR are line-image features.
Figure 1 shows an example of how a HMM models two feature
vector subsequences pertaining to the character “a”.
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Figure 1: Example of 5-states HMM modelling (sequences of
feature vectors of) instances of the character “a” within the
Spanish word “Castilla”. The states are shared among all in-
stances of characters of the same class.

The HTR system used here follows the classical archi-
tecture composed of three main modules: document image
preprocessing, line image feature extraction and HMM train-
ing/decoding [1].

The following steps take place in the preprocessing mod-
ule. First, the skew of each page is corrected; we understand
“skew” as the angle between the horizontal direction and the di-
rection of the lines on which the writer aligned the words. Then,
a conventional noise reduction method is applied on the whole
document image, whose output is then fed to the text line ex-
traction process which divides it into separate text lines images.
Finally, slant correction and size normalisation are applied on
each separated line. A more detailed description of the prepro-
cess can be found in [1, 5].

As our HTR system is based on HMMs, each preprocessed
line image is represented as a sequence of feature vectors. To
do this, the feature extraction module applies a grid to divide
the text line image into N×M squared cells. From each cell,
three features are calculated: normalised gray level, horizontal
gray level derivative and vertical gray level derivative. The way
these three features are determined is described in [1]. Columns
of cells or frames are processed from left to right and a feature
vector is constructed for each frame by stacking the three fea-
tures computed in its constituent cells. Hence, at the end of
this process, a sequence of M 3N -dimensional feature vectors
is obtained. In Figure 1 an example of the sequence of feature
vectors for the word “Castilla” is shown graphically.

3. Dictation of handwritten documents
Consulted paleographs agreed that an interesting way of tran-
scribing handwritten text documents would be by dictating the
document’s content. Basically, the problem consists in obtain-
ing a sequence of words w which is, at the same time, a tran-
scription of the handwritten text x (from the HTR problem)
and a speech utterance s = (s1, s2, . . . , s|s|). Statistically, this
problem can be formulated as

ŵ = argmax
w

P (w|x, s) = argmax
w

P (s|x,w)P (w|x) (2)

Making the safe assumption that P (s|x,w) is independent
of x Eq. 2 can be rewritten as

ŵ ≈ argmax
w

P (s|w)P (w|x) (3)

where P (s|w) is a conventional acoustic-phonetic HMM for
speech recognition, and P (w|x) is a LM conditioned on x.
Note that if x is dropped, the LM can be approximated by a
standard n-gram LM, PN (w). In that case, Eq. 3 can be de-
coded with a state-of-the-art ASR system. However, a more
interesting approach would be to take advantage of the infor-
mation given by x.

Although in principle an integrated decoding could be pos-
sible [6], it would require a specific training and decoding. This
is especially complicated since both input signals have different
lengths and they are not synchronised. A possible alternative
is based on a semi-coupled approximation, in which Eq. 1 can
be transformed, after a HTR decoding, into a statistical LM that
can be used with current speech recognisers.

A procedure to compute a n-gram LM which is conditioned
on x from the posterior probabilities of Eq. 1 is the following.
First, a subset of the search space can be obtained in the HTR
search process as a word lattice [7]. A word lattice L is a di-
rected, acyclic, weighted graph with an initial node qI and a
final node qF . The nodes correspond to discrete points in time
(or horizontal space, in the case of HTR) conditioned on a spe-
cific state of the LM. A link l is defined as any edge between
two nodes; each link has associated a starting node s(l), an end
node e(l), a hypothesis word w(l), and a likelihood f(l); each
link can be considered as a hypothesis w(l) between the nodes
s(l) and e(l) with likelihood f(l).

To obtain a n-gram model from a word lattice, posterior
probabilities for each node and link must be computed. These
probabilities are based on the forward and backward probabili-
ties of the nodes. The forward probability α(q) can be defined
as the sum of the probability of all the prefix paths in the lat-
tice reaching a node q from qI . Correspondingly, the backward
probability β(q) can be defined as probability of all the suffix
paths in the lattice reaching qF from q. These probabilities can
be efficiently computed with the well-known forward-backward
algorithm [8].

The posterior probability for a specific link l can be com-
puted by summing up the posterior probabilities of all hypothe-
ses of the word lattice containing it:

P (l | x) = α (s(l)) · f(l) · β (e(l))

α(qF )
(4)

Similarly, the posterior probability for a specific node q is

P (q | x) = α (q) · β (q)

α(qF )
(5)

Then, the expected count for a word sequence wii−n+1 =
(wi−n+1, . . . , wi) can be estimated efficiently as in [9]:

C∗(wii−n+1 | x) =
∑

ln1 ∈N(wi
i−n+1)

∏
k P (lk|x)∏

k P (s(lk)|x)
(6)

where N(wii−n+1) are all the sequences of concatenated links
in L generating wii−n+1.

Now, word posterior probabilities can be calculated after a
proper normalisation:

PL(wi|wi−1
i−n+1,x) =

C∗(wii−n+1 | x)
C∗(wi−1

i−n+1 | x)
(7)
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This simple estimation presents two problems: no back-
off is included, and only words present in the lattice are in-
cluded into the model (which implies a high number of out-
of-vocabulary words, since lattices only contain the words of
the most likely hypotheses). The estimation of the back-off
probabilities for the n-gram is obtained by applying a suitable
discount method before normalisation. The out-of-vocabulary
(OOV) problem is solved by equally distributing among the
OOV words the discounted probability mass of the 1-gram.

The resulting LM can be defined as

PL(w|x) =
∏
i

PL(wi|wi−1
i−n+1,x) (8)

Finally, in order to avoid poor estimations of PL(w|x), a
linear interpolation with the original LM probability PN (w)
can be used as well

Pγ(w|x) = γPL(w|x) + (1− γ)PN (w) (9)

4. Experimental framework
4.1. Corpora

The experiments have been carried out using a Spanish cor-
pus compiled from the legacy handwriting document from the
nineteenth century identified as “Cristo-Salvador” (CS), which
was kindly provided by the Biblioteca Valenciana Digital (BI-
VALDI)1. This corpus is composed of 53 text page images, writ-
ten by only one writer. The page images have been preprocessed
and divided into lines, resulting in a data-set of 1, 172 text line
images. The transcriptions corresponding to each line image are
also available, containing 10, 911 running words with a vocab-
ulary of 3, 408 different words.

The 33 initial pages, that correspond to the training set in
the partition called “book” in [5], were used to train the models.
This set is composed by 675 lines with 6, 432 running words
and 2, 277 different words. On the other hand, to test the dicta-
tion method proposed in this paper we have used the page 41,
which is the page with most similar error distribution with re-
spect to the global error. It is important to remark that this cor-
pus has a quite small training ratio (around 2.8 training running
words per lexicon-entry). This is expected to result in under-
trained LMs, which will clearly increase the difficulty of the
recognition task for the system.

In order to assess the speech dictation systems five different
users dictated the selected page line by line. It resulted in a test
data-set composed by 120 dictated lines.

4.2. Models

As was mentioned above, the recognition process is based on
HMMs. For the HTR system, the characters are modelled by
continuous density left-to-right HMMs with 12 states and 32
Gaussian mixture components per state. The optimal number
of HMM states and Gaussian densities per state were tuned em-
pirically. Speech models are HMM with three states, with left-
to-right with loops topology and 64 Gaussians per state (a to-
tal number of 4.6K Gaussians). Each speech model represents
a phonetically context-independent unit (monophone). These
models were estimated using the data of the Albayzin Span-
ish speech corpus [10], of about 4 hours of speech signal. In
the two systems, each lexical word is modelled by a stochas-
tic finite-state automaton (SFSA), which represents all possible

1http://bv2.gva.es

concatenations of individual characters or phonemes to com-
pose the word. On the other hand, text lines are modelled using
2-grams with Kneser-Ney back-off smoothing [11] directly es-
timated from the training transcriptions of the text line images.

4.3. Evaluation metrics

Our system was assessed by means of word error rate (WER),
which obtains the ratio between the number of editions of the
Levenshtein distance and the number of words in the reference.
Similarly, oracle WER is the best WER that can be obtained
from the word lattice resulting from the decoding process.

In addition, in order to evaluate the quality of the chosen
LM, we have employed perplexity [12]. Perplexity, measured
for a text with respect to a LM, is a function of the likelihood of
that text being produced by repeated application of the model.

Finally, significance of our results has been assessed by the
paired bootstrap resampling method, described in [13]. This
technique compares two systems and finds out whether one of
them significantly outperforms the other one.

5. Results
This section is devoted to analyse the experimental results of
the methods proposed in Section 3. First of all, it should be
noted that, despite being CS a small corpus to what the speech
community is used to, CS is a realistic example of what can be
found in transcription of historical documents.

There are some characteristics of this kind of tasks that must
be explained. On the one hand, the topic addressed in CS is a
very specific one. Since the training corpus is rather small (6.4k
running words), LMs are poorly estimated. This is reflected
in the perplexity for the test page (552 for a bigram). Higher
order n-gram models cannot improve perplexity since segments
longer than 2 words rarely occur more than once. Furthermore,
as far as we know, there are no other electronic texts dealing
with the same topic, and consequently no robust LMs can be
estimated. As a result, both HTR and ASR baseline systems
must rely more on the good estimation of the HMM models.

On the other hand, each book presents a particular hand-
writing style which not only depends on the author, but on the
period of the history the book was written. This makes very
complicated to estimate generic book independent HMM mod-
els. In fact, the usual approach is to take part of the book for
training and the rest for test. However, ASR HMMs are usually
speaker independent.

Two baseline systems have been considered. The first is to
transcribe the page using a HTR system. To do this the page
must be digitised, the noise must be reduced and the lines seg-
mented. This process is partially manual so it must be consid-
ered when evaluating the convenience of using this approach. A
2-gram LM was used in the HTR system. In the second base-
line the test is read aloud and the transcriptions come from a
dictation ASR system. This system uses the same LM as the
HTR system (that is why the perplexities coincide). The results
are summarised in Table 1 and show that the HTR system out-
performs the ASR system. The explanation for this comes natu-
rally from the previous comments. The LM is poorly estimated
and the search process depends greatly on the HMM estimates
in both cases. Nevertheless, in the HTR case the HMMs have
been specifically trained for the particularities of the test (book
and writer), whereas the ASR HMMs were trained from a com-
pletely different corpus (distinct speakers).

An intermediate approach is to use information from both
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Table 1: Summary of perplexity and WER for the different ap-
proaches to transcription of handwritten historical documents.

model LM γ perplexity WER
HTR 2-gram — 552 29.2± 8.2

ASR 2-gram 0.0 552 43.4± 4.0
SHR Eq. 8 (3gr) 1.0 391 45.8± 4.0
SHRi Eq. 9 (3gr) 0.2 54 18.6± 2.8
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Figure 2: WER and oracle WER for dictation systems.The first
value is an ASR system (γ = 0), the last a SHR system (γ = 1).
The values within are SHRi systems with γ interpolation factor.

the handwritten text and the speech signal by means of the HTR
posterior n-grams of Eq. 8. This system, referred to as Speech
and Handwriting Recognition (SHR), follows a dictation sce-
nario, as in ASR, but fusing the information from a previous
HTR recognition. The parameters needed for this model were
estimated using a leaving-one-out scheme over the lines of the
page. Although it has quite a better perplexity than the original
2-gram model, this system achieves worse WER results. Never-
theless, confidence intervals at 95% overlap with the ASR sys-
tem. This high WER is mainly due to the poor smoothing for
OOV words when computing the HTR posterior n-grams. HTR
lattices contain only a small part of the vocabulary so the rest of
the vocabulary was introduced with equal probability (see end
of Section 3). Thus, the probabilities for these words are low
and the recognition performance decreases for them.

To prevent from poor estimations of OOV in the HTR pos-
terior 3-grams, this model has been linearly interpolated with
the baseline 2-gram as in Eq. 9, and it is referred to as SHRi.
Figure 2 shows the results when changing the value of the in-
terpolation factor. The ASR baseline is represented by γ = 0
while the HTR posterior 3-gram system is γ = 1. The graph
shows the WER with confidence intervals at 95% along with
the oracle WER. The scale factors where estimated in a leaving-
one-out scheme over individual utterances. All the interpolated
models improve the baseline with 100% probability of improve-
ment (POI). It must be noted that almost all set-ups perform in
the same range, although when γ approaches 1, the curve slowly
raises. However, confidence intervals still overlap among inter-
polated models. The same behaviour can be observed on the
oracle WER. Best oracle WER achieves an 8.5%, which sug-
gests that there is still room for improvement.

6. Conclusions
In this paper we have tackled the transcription of handwrit-
ten historical documents from a multimodal perspective. As

comparison, two uni-modal baseline systems have been used:
a HTR system to transcribe handwritten text images and an
ASR system to transcribe dictations of the documents. Our ap-
proach successfully integrates the two sources of information to
achieve remarkable improvements over both baselines. How-
ever, manual post-editing is still necessary to obtain high quality
transcriptions. Hopefully, the results indicate that there is room
for reduction of the WER. First, it would be interesting inte-
grate the decoding of text images and speech. Finally, a simpler
option would be to compute ASR posterior n-grams to perform
HTR recognition, and embed it into an iterative procedure.
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