
Combination of Multiple Aligned Recognition
Outputs using WFST and LSTM

Mayce Al Azawi
MDAM Group DFKI, TU Kaiserslautern

D-67663 Kaiserslautern, Germany
Email: ali@iupr.com

Marcus Liwicki
MDAM Group DFKI, TU Kaiserslautern

D-67663 Kaiserslautern, Germany
Email: liwicki@dfki.uni-kl.de

Thomas M. Breuel
TU Kaiserslautern

D-67663 Kaiserslautern, Germany
Email: tmb@cs.uni-kl.de

Abstract—The contribution of this paper is a new strategy of
integrating multiple recognition outputs of diverse recognizers.
Such an integration can give higher performance and more
accurate outputs than a single recognition system. The problem of
aligning various Optical Character Recognition (OCR) results lies
in the difficulties to find the correspondence on character, word,
line, and page level. These difficulties arise from segmentation and
recognition errors which are produced by the OCRs. Therefore,
alignment techniques are required for synchronizing the outputs
in order to compare them. Most existing approaches fail when
the same error occurs in the multiple OCRs. If the corrections
do not appear in one of the OCR approaches are unable to
improve the results. We design a Line-to-Page alignment with edit
rules using Weighted Finite-State Transducers (WFST). These
edit rules are based on edit operations: insertion, deletion, and
substitution. Therefore, an approach is designed using Recurrent
Neural Networks with Long Short-Term Memory (LSTM) to
predict these types of errors. A Character-Epsilon alignment
is designed to normalize the size of the strings for the LSTM
alignment. The LSTM returns best voting, especially when the
heuristic approaches are unable to vote among various OCR
engines. LSTM predicts the correct characters, even if the OCR
could not produce the characters in the outputs. The approaches
are evaluated on OCR’s output from the UWIII and historical
German Fraktur dataset which are obtained from state-of-the-art
OCR systems. The experiments shows that the error rate of the
LSTM approach has the best performance with around 0.40%,
while other approaches are between 1.26% and 2.31%.

I. INTRODUCTION

The combination of multiple recognition engines produces
better results than single recognition systems. Using alignment
techniques, two or more OCR outputs were combined by
aligning text lines from the first OCR output with text lines
from the other OCR output. For example, Multiple Sequence
Alignment and heuristic search approaches correct recognition
errors which have different intensity and type in the aligned
text. Different state-of-the-art methods are described below.

The main contribution of this paper is to use LSTM
for multiple OCR result sequence alignment. Therefore, a
learning-based method is needed to vote for the best candidate
corrections, when the multiple editions are unable to vote for
the corrections, to resolve ambiguity in the choices, and when
the correction is missing from the multiple editions, a predic-
tion of unknown correction is required. In order to validate our
approach, we performed experiments on English and German
Fraktur script and compare to the state of the art methods [1],
[2]. Figure 1 shows the results of the first and second OCR
systems compared to the state-of-the-art approaches, and the

Fig. 1. Results of the OCR Systems, LSTM alignment, and other State-of-
the-Art approaches such as heuristic search approach, and Pairwise of Multiple
Sequence alignment.

LSTM alignment corrections. The motivation of using LSTM
is manifold: first, LSTM has shown the best performance in
different recognition tasks, such as handwriting recognition
[3]. Second, LSTM is also used in different applications, for
example natural language. Al Azawi et al. [4] used LSTM for
normalizing historical text from the 14th century to the modern
versions of the language.

In this paper, the LSTM is used to choose the best voting
amongst various OCR engines, when the given outputs from
both OCR engines cannot support the previous techniques to
set the appropriate vote. For example, if the token l∼zy is
produced by both OCR engines (the symbol ∼ means the OCR
has no output in this position), then a voting technique based
on the heuristic approach cannot predict the missing “a”. Only
dictionaries- or learning-based models, which learn the errors
are able to produce the correct token, and insert the “a”. The
LSTM learns from OCR errors and outperforms in voting for
the best candidate correction.

Finite-state machines have been used in many applications
and solved different problems, especially in recognition and
natural language processing fields. Finite-State Transducer
(FST) is a finite-state machine with two tapes: an input
tape and an output tape. FSTs can be weighted, where each
transition is labeled with a weight in addition to the input
and output labels. They are flexible, easy to adapt, and have
fast computation. They provide smoothed alignment between
two different strings, by restricting the use of various types of
transactions [5].
Besides the input/output labels of the current string, the edit
operations: insertion, deletion and substitution can also be
applied. Those operations help the transducers to compose
the appropriate labels to choose the candidate outputs during

2015 13th International Conference on Document Analysis and Recognition (ICDAR)

31 978-1-4799-1805-8/15/$31.00 ©2015 IEEE



the alignment. The weight supports to produce the best output
from the candidate outputs.

A. Contribution

The contributions of this paper are:

1) Line-to-Page Alignment Approach Section III
a) Solving the problem of segmentation and

various line breaks problems, which produces
mismatched sequences and the difference in
line order, by aligning line to parallelized text
lines in a WFST.

b) Solving the problem of the recognition error
by using edit operations as rules. The trivial
edit operations such as insertion, deletion,
and substitution are used.

2) LSTM Approach Section IV
a) New size normalization is implemented to

align the strings of different OCR outputs,
for example a misrecognized string has a
different length and content from the orig-
inal ground truth. In order to correct those
misrecognized strings, the strings are resized
and the appropriate position of the correct
characters is found.

b) LSTM yields prediction of unknown strings
and can vote for the best output amongst
various errors.

B. Related Work

Early work of combining multiple outputs to correct OCR
errors is described by Lopresti et al. [6]. The method is called
Consensus Sequence Heuristic Voting inspired from molecular
biology. Experimental Evaluation confirmed that dictionaries
are able to insert characters, if none of the combined OCR
systems produce them. Boschetti et al. [7] developed a work-
flow for digitizing Greek and Latin printed editions. They
use Progressive Multiple Alignment applied to different OCR
outputs. The most similar pairs are aligned, necessary gaps
are fixed to align the sequences, and supplementary gaps are
progressively added to the previous aligned sequences. The
naive Bayes classifier is used to find the highest probability
among multiple strings provided by the engines.

Lund [8] has also used progressive alignment to combine
multiple OCR systems, then applied a supervised, discrim-
inative machine learning method to select among multiple
outputs. The Maximum entropy models are used and trained on
synthetic data. The Recognizer Output Voting Error Reduction
(ROVER) [9] is a well known procedure for combining several
speech recognition outputs. ROVER uses the frequency of
occurrences and word level confidence values in the voting.
However, those values cause poor voting outcomes due to
the unreliability of the decoders confidence scores. Therefore,
it is proposed that ROVER uses a pattern-matching-based
voting scheme. Wemhoener et al. [2] proposed a method
using Pairwise alignment and Multiple Sequence alignment to
improve the OCR from multiple editions. The approach correct
the OCR errors based on the majority choice. The approaches
can correct an error, if the correction occur in one of the
OCR system. But they are unable to fix errors which have

no correction in one of the OCR systems.
The remainder of the paper is structured as follows. In
Section II, two the state-of-the-art methods are described.
Section III describes our designed method for constructing
Line-to-Page Alignment using WFSTs. Section IV explains
our second implemented approach using LSTM and the new
designed Character-Epsilon alignment for size normalization.
Section V presents the experimental results. Section VI is the
conclusion.

II. STATE OF THE ART METHODS

In this Section, two of state-of-the-art methods are de-
scribed. The two methods are used in the experiments of this
paper to compare them with our implemented methods.

A. Pairwise of Multiple Sequence Alignment

Wemhoener et al. [2] evaluated an alignment technique for
combing OCRs outputs from scanned books. They generated
the pairwise alignments of the recognized text output of the
books. A pivot is chosen as the best OCR output. The pivot
is aligned with each single OCR output separately to find the
corresponding sequences on character level, and also to fill
the gaps by using null character. Then, output sequences in
these pairwise alignments are aligned with each other to find
the best alignment output. Their method can remove the OCR
error as long as the same error does not occur in the multiple
scans.

B. ISRI OCR Voting Tool

The Information Science Research Institute (ISRI) at the
University of Nevada, Las Vegas (UNLV) provided testing
of OCR systems [1]. ISRI has been actively developing
performance measures for page-reading systems. Their vote
program applies a voting algorithm to produce a more accurate
single text file. The inputs of the vote program are outputs
of different OCR systems. The input files are first aligned so
that agreements and disagreements amongst the page readers
are evident. A majority vote is then taken to resolve the
disagreements. The algorithm involves heuristics for breaking
ties. The resulting text is then written. The accuracy of the
voting output is normally greater than the accuracy of the text
from each page reader. The tool has an option to enable some
important optimizations and should be specified to get the best
results. An output character is marked as suspect if it receives
no more than the fraction of votes specified by an option.
Another parameter indicates the fraction of a vote that each
input character receives if it is marked as suspect. This reduces
the influence of marked characters on the voting.

III. LINE-TO-PAGE ALIGNMENT USING WEIGHTED
FINITE-STATE TRANSDUCERS APPROACH

A Line-Page approach is designed to avoid the difference in
the lines’ order in both OCR system. Therefore, the approach
is implemented in a way that each line in OCR’s page is repre-
sented as a path in the WFST. The OCR’s page is represented
as parallel lines for the page WFST. In this approach, the line
lattice of the first OCR is aligned with each line in the page
WFST of the second OCR. The composed graph represents
the best matches between the first OCR and the second OCR
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Fig. 2. Illustrat Line-to-Page Alignment Approach. The Figure shows the alignment of each line of the first OCR with the page of the second OCR system. The
Figure shows an example of text line with segmentation error. It shows the representation of the line and page in WFSTs, [a-f] are representing the input/output
labels, ρ label used for substitution and the label ε is used for insertion or deletion.

systems, then the best valid path is chosen.
Figure 2 shows the idea of the Line-to-Page alignment ap-
proach which separately aligns each line in the first OCR
system with the whole page output of the second OCR system.
The page WFST consists of j states and m lines. A line is
represented as a string and each character is considered as
input and output label for the transition between every two
states. The symbol a1 is the input and output label for the
first character in the line, this representation is followed until
the last character is reached in the line which is an. The
same representation is followed for the next lines until the
last line. In one page, all the WFST lines start in the same
start state and end in the same final state. Further information
regarding the standard definition of WFST in OpenFST library
in [10]. Al Azawi et al.[5] designed an alignment approach
using WFSTs to align the OCR lattices with the different
edition transcription.
To solve the problem of recognition and segmentation errors.
Line-to-Page WFSTs approach is adapted to be used for
aligning text line strings from the first OCR with the whole
text line strings from the corresponding page of the second
OCR. The designed approach helps to solve the over, and under
segmentation problems in OCR which disturb the lines order
in a page. WFST provide flexibility and adaptability to process
a large array of OCR processing options.
Substitution, insertion, and deletion are the edit operations
are which are implemented in the approach to smooth the
alignment between the OCR systems. They are translated as
transitions in the WFST and used as rules to substitute, insert
and delete characters from the OCR. The editing rules are:
Substitution: ρ → a, Deletion: ρ → ε and Insertion: ε → a,
where a is a character, ρ is Rho and ε is epsilon. Empirical
estimation is done for the cost of these edit operations.
The Matchers are represented and iterated through requested
labels at WFST states. They may implement matching special
symbols that represent sets of labels such as ρ (rest), which
can be used for more compact automata representations and
faster matching. The Rho matcher is used if there is no symbol
in the OCR Lattices that match the transcription characters.

IV. LONG SHORT-TERM MEMORY ALIGNMENT
APPROACH (LSTM)

A new technique is designed based on LSTM recurrent
networks to solve the problem of voting for the best can-
didate correction amongst various OCR systems. It predicts
the missing characters from both OCR systems. It votes

for the correct character when both OCR systems provided
misrecognized characters. The initial step will be discussed
in Section IV-A, it is the preprocessing step which includes
the strings normalization. Following this, the second part is
the features extraction and finally, the last part discusses the
LSTM network configuration.

A. Preprocessing using Character-Epsilon Alignment

In this section, the preprocessing method to allow insertion,
deletion, and substitution operations in the strings is discussed.
The Levenshtein alignment technique is used [11] to align two
strings and find an optimal alignment to give a score. The path
which gives a better score represent the alignment output. The
value with the possible sources (Match, Substitution, Insertion,
and Deletion) is compared to see which it came from.
To normalize the strings size, an epsilon is inserted after
each character of the word of the text lines, an alignment
is then applied using the Levenshtein edit distance between
the words and the corresponding ground truth to obtain the
optimal aligned character pairs; an example where insertion is
required:

Input word = e ε f ε e ε c ε t ε
applying alignment to obtain:
Input word = e ε f ε e ε c ε t ε
ground truth word = e f f ε e ε c ε t ε

Another example where substitution is required:
Input word = d ε i ε H ε e ε r ε e ε n ε t ε
ground truth word = d ε i f f ε e ε r ε e ε n ε t ε

The epsilon can also be inserted before the first character.
In the case of deletion, an epsilon is inserted on the appropriate
position of the ground truth which correspond to the wrong
character in the OCR output. The LSTM network is provided
with the feature vector of the input and ground truth aligned
pairs for training purposes, as described in section IV-B. For
testing purposes, our LSTM trained model is applied after
adding epsilon ε behind each character in the input word of
the test token, then the correct string is predicted.

B. Strings Encoding

A sequence of vectors are used for encoding a string where
each vector has a length corresponding to the size of the
character set. Each character in the string is mapped to its
code point which is used in the binary feature representation,
as shown in Figure 3.
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TABLE I. THE PERFORMANCE RESULTS OF THE APPROACHES ARE
MEASURED BASED BY CHARACTER ERROR RATE (CER). UW-III

DATASET USING OCR1, OCR2, ISRI-VOTING TOOL (ISRI),
LINE-TO-PAGE WFST ALIGNMENT (LINE-PAGE), AND LSTM

APPROACHES, ON GERMAN FRAKTUR SCRIPT FROM FONTANE DATASET.

Dataset OCR1 OCR2 ISRI[1] Pairwise[2] Line-Page LSTM
English 2.0% 1.56% 1.45% 1.32% 1.26% 0.40%
Fraktur 2.7% 2.5% 2.41% 2.36% 2.31% 0.39%

Fig. 3. Training and testing pipeline. In the input vector results is fed to
the LSTM network along with its ground truth. The CTC layer performs the
output transcription alignment. Finally, the output of the LSTM network is
saved as trained language model.

Normalized input tokens along with their ground truth are fed
into the network, which performs the forward propagation step
first. Alignment of output with associated transcriptions is done
in the next step and then finally a backward propagation step
is performed.
For training, text lines with their corresponding ground truth
were used. The training pairs are prepared using the alignment
technique as described in Section IV-A which is considered
a pre-processing step. The technique is applied to align the
training pairs, the first step is aligning using Levenshtein edit
distance. The alignment technique of two strings finds the sim-
ilarities and differences between them and can be interpreted as
point mutations. If they share common characters, mismatches
or gaps in one or both lineages then there are insertion or
deletion mutations introduced since they diverged from one
another. The LSTM networks configuration will be explained
in detail in Section IV-C. The trained language model using
LSTM networks was implemented by Al Azawi et al. [12]. The
trained language model was applied on single OCR output.
Several language models were built for multilingual OCR and
the study was on English and Urdu scripts.

C. LSTM Networks Configuration

Recurrent Neural Networks (RNN) have been applied to
many of the pattern recognition tasks and showed promising
results. In general Recurrent Neural Networks suffer from
the vanishing gradient problem. To overcome this, a modified
version is proposed, namely LSTM which introduced memory
blocks which are recurrently connected. In addition to recurrent
connection to simulate write, read, and forget operations, it
provides three multiplicative gates namely input, output, and
forget. LSTMs can be used to remember contexts over a long
period of time. In order to be aware of the context in both

directions, a variant named Bidirectional LSTM (BLSTM) is
introduced as in [3].
The configuration of the network and the number of weights
mapping between and within layers is shown in [3]. But in our
paper, we designed our own preprocessing, size normalization
for the strings, feature extraction and size of feature vectors.
Training of the network proceeds by choosing text input lines
randomly from the training set. Next a forward propagation
step is performed through the LSTM and output networks
followed by a forward-backward alignment of the output with
the ground truth, and finally backward propagation. After
each epoch, training and validation errors were computed and
the best results were saved. When there is no significant
change in validation errors for a pre-set number of epochs,
the training is stopped. There are two parameters, which need
to be tuned; namely hidden-states size and learning rate. The
LSTM networks are trained with hidden-states of different
sizes 40, 60, 80, 100, 120, 140, and 160. The optimal error
rates are obtained when the size of the hidden-states is in a
range between 100 - 160 and it takes 790 - 1100 minutes for
training respectively. Running times for the training is on a
modern desktop PC with four cores and 8 GB RAM.
By keeping the hidden-states size fixed, the learning rate was
varied between 0.001, 0.0001, and 0.00001. The most appro-
priate number of hidden-states determined keeping learning
rate constant at 0.0001. After the model has been trained, the
predictions are very fast.

V. EXPERIMENTAL RESULTS

OCR output was used with their corresponding ground
truth from an open-source OCR system OCRopus1 (OCR2)
and an Multilayered Perceptron (MLP) Classifier (OCR1).
The testing set is generated from 490 OCR’s output pages
of the UWIII datasets obtained from evaluation set of the
OCRopus project with other state-of-the-art OCR systems. The
LSTM network is trained on 196,257 tokens. The ground truth
was used to evaluate the generated corrected pages by our
designed Line-to-Page Alignment, LSTM, and the state-of-the-
art Pairwise of Multiple Sequence Alignment [2] and ISRI-
Voting tool [1].
The volume of “Wanderung durch die Mark Brandenburg”
(1862-1889) of Heinrich Theodor Fontane is used which have
been provided from the German Text Archive (DTA). The
approaches are tested on OCR results of Fraktur script of
263 documents using the commercial OCR system ABBYY2

(OCR2) and MLP (OCR1). The LSTM is trained on 75,772
tokens. The ISRI voting tool follows a heuristic search to
align OCR systems. The tool processes each text page of the
first OCR with the corresponding text page of another OCR.
The order of the OCR’s text pages in the input of the ISRI
tool is important in the voting procedure. The best OCR’s
output should entered first. There is no language modeling
involvement.
Table I shows the evaluation of the approaches Line-to-Page
WFST Alignment (Line-Page), LSTM compared to the original
OCRs recognition results and the state-of-the-art approaches
applied on Fraktur and English script. The LSTM Memory
has the best performance of 0.40%, and 0.39%.

1https://code.google.com/p/ocropus/
2http://www.abbyy.de/
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A. Analysis

The Line-to-Page Alignment approach aligns each text line
of the first OCR system with the text page of the second OCR
system. The alignment is based on character-level composition.
All the characters of the OCR systems are involved in the
composition. The line lattices are created from the composition
in the form of WFST. The the best path is then produced
from the N-best paths of the composed OCRs outputs. In the
work of Wemhoener et al. [2], the null character which is
represented by @ is used when a character in one text fails
to align with a character in the other text. In some books the
text are differentiated in various editions and big text portion
might be missing from one to another edition. Adding the
null characters involved irrelevant characters in the alignment.
Therefore in Line-to-Page WFSTs, the usage of the epsilon is
optimized and associate with cost.
The voting approaches search among the various candidate
strings to find the best corrections for improving the recogni-
tion outputs. The number of the OCR systems is irrelevant,
if all the systems have a high error rate, then the task of
finding the best correction becomes difficult. Therefore, a new
technique for learning the OCR errors is required to deliver
significant improvements. It helps to come up with corrected
characters for the string especially characters not produced by
the recognition systems.
The LSTM model learns the recognition errors from the
outputs of the OCR and is able to solve the confusion problems
between the two aligned OCR outputs. For example, different
substitution errors for the same character in a string. One
such example is in recognizing of the character m where
each OCR system has misrecognized it as rn and the other
OCR has recognized it with a different misrecognition nn.
An example of top confusions of the OCRs using Fraktur
script are s : f , c : e, and epsilon : i which are solved by
LSTM, but not the other approaches. LSTM has confusions in
s : epsilon and l : epsilon. The LSTM model is able to solve
the misrecognition, whilst the heuristic approach cannot. Only
learning-based models predict unknown correct characters and
insert them, even if both OCR systems are unable to provide
them. In other approaches, the unknown characters are not
produced, if not not provided by both OCR systems.

VI. CONCLUSIONS

The paper provides two novel and efficient low cost meth-
ods for digitizing books with several corresponding OCR’s
results. The results of the OCRs contain segmentation and
recognition errors. The segmentation errors make the align-
ment between two recognition results not possible when the
line breaks are in different positions. As a consequence, the
words, lines, and pages correspondences are lost.
Various recognition errors in different recognition systems
prevent the correspondences on characters or words level.
Therefore, edit rules were added to the transcription with
empirical cost to smooth the alignment and make the com-
position of different transcription more compatible. Our Line-
Page WFSTs alignment provides the best alignment between
OCR systems, aligns each line of first OCR with the page
of the second OCR to avoid the segmentation problem. Our
LSTM approach provides a significant reduction in the error
rate. This is achieved by the high performance of the neural
networks prediction to find the appropriate voting for the right

candidate corrections.
The LSTM learns from the OCRs errors and is able to choose
the best correction from the multiple aligned candidates. The
other approaches fail, if the correct character does not appear
in one or all of the OCRed editions. Also LSTM returns the
appropriate correction better than the other, if the majority
choice of the correction is not found in the OCRed edition.
LSTM also predicts the correct votes for unknown characters
and tokens. The method offers alignment of a flexible number
of recognition systems. It is generally language-independent,
plan to align more recognition systems. Our method will also
be applied on various scripts such as Urdu, be applied to
historical documents and handwriting recognition.
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