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Abstract: The increasing portability of physical manuscripts to the digital environment makes
it common for systems to offer automatic mechanisms for offline Handwritten Text Recognition
(HTR). However, several scenarios and writing variations bring challenges in recognition accuracy,
and, to minimize this problem, optical models can be used with language models to assist in decoding
text. Thus, with the aim of improving results, dictionaries of characters and words are generated from
the dataset and linguistic restrictions are created in the recognition process. In this way, this work
proposes the use of spelling correction techniques for text post-processing to achieve better results and
eliminate the linguistic dependence between the optical model and the decoding stage. In addition,
an encoder–decoder neural network architecture in conjunction with a training methodology are
developed and presented to achieve the goal of spelling correction. To demonstrate the effectiveness
of this new approach, we conducted an experiment on five datasets of text lines, widely known in the
field of HTR, three state-of-the-art Optical Models for text recognition and eight spelling correction
techniques, among traditional statistics and current approaches of neural networks in the field of
Natural Language Processing (NLP). Finally, our proposed spelling correction model is analyzed
statistically through HTR system metrics, reaching an average sentence correction of 54% higher than
the state-of-the-art method of decoding in the tested datasets.
Keywords: deep learning; offline handwritten text recognition; natural language processing;
encoder–decoder model; spelling correction

1. Introduction
Writing is an essential communication and documentation tool worldwide. Currently, in the digital
age, the integration of physical manuscripts in the technological environment is becoming common,
in which machines can understand the text of scanned images through the process of handwriting
recognition and represent them in the digital context for later use [1]. Historical manuscripts [2], medical
prescriptions [3], documents [4], and general forms [5] are some scenarios that require manual effort
to digitize and transcribe content into the digital environment through Optical Character Recognition
(OCR) technologies [6].
In this field, OCR systems have two categories: (i) online, in which the input information is
obtained in real time through sensors; and (ii) offline, which obtains data from static scenarios,
as in the case of images [7]. Still, in the offline category, there is recognition of printed text and
manuscript [8]. Unlike the printed text scenario, offline Handwritten Text Recognition (HTR) is more
complex to achieve its goal, as for the same writer there are numerous variations in a single sentence [8].
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Fortunately, HTR systems have evolved considerably since the use of the Hidden Markov Model
(HMM) for text recognition [2,9–11]. Currently, with the use of Deep Neural Networks (Deep Learning),
it is possible to more assertively perform the recognition process at different levels of text segmentation
that is, character [12], word [13,14], line [15] and even the paragraph [16] levels. However, in scenarios
with an unrestricted dictionary, they still do not achieve satisfactory results [6] and, to minimize this
problem, it is common to perform text decoding in conjunction with post-processing using Natural
Language Processing (NLP) techniques [17], specifically the statistical approach [18].
In this context, tools such as Stanford Research Institute Language Model (SRILM) [19] and
Kaldi [20] have gained space in the last years, by performing text decoding through a language model.
In fact, these two tools have become the most commonly used currently in HTR systems and the
results of optical model are improved in this step [2,15,21]. In addition, through statistical methods,
it is essential to create and use a structured character dictionary based on the dataset used or external
corpora [18]. Thus, text decoding in an HTR system becomes restricted to this dictionary, which, in turn,
has correlation to the dataset, causing a limitation in its application in new text scenarios, especially in
multi-language systems.
On the other hand, fields of study in NLP, such as Machine Translation [22,23] and Grammatical
Error Correction [24,25], which work with text processing, classification, and correction, have brought
promising results with neural networks approaches in recent years [26–28]. The application of
encoder–decoder models, also known as Sequence to sequence [26,29], has grown considerably in
the field of NLP for applications that require huge linguistic knowledge and, many times, statistical
approaches have limitations of linguistic context [29]. In addition, these models were extended with
the Attention mechanism [30,31], achieving even better results, and, more recently, presented models
based entirely on Attention [22,32,33].
Therefore, the main goal of this work is to apply alternative spelling correction techniques in
the post-processing of an HTR system (at line level and free segmentation level), in order to obtain
competitive results to the traditional method of decoding and disconnect the stages of the recognition
process. In other words, to enable the HTR system to integrate with any post-processing approach,
regardless of dictionary between both systems.
In this paper, we apply and analyze applications of techniques with a focus on spelling correction,
varying between statistical approaches [2,18,34] and the most recent with neural networks in the field
of linguistics, such as Sequence to sequence with Attention mechanism [30,31] and Transformer [22]
models. For a better analysis in different data scenarios, we used five datasets in the experiment:
Bentham [35]; Department of Computer Science and Applied Mathematics (Institut für Informatik und
Angewandte Mathematik, IAM) [36]; Recognition and Indexing of Handwritten Documents and Faxes
(Reconnaissance et Indexation de données Manuscrites et de fac similÉS, RIMES) [37]; Saint Gall [38];
and Washington [39]. In addition, we also use three optical models as HTR system: Bluche [40];
Puigcerver [15]; and the proposed model. In this way, we created a wide variety of combinations
between datasets and applied techniques, creating various analysis workflows. An open source
(https://github.com/arthurflor23/handwritten-text-recognition, https://github.com/arthurflor23/
spelling-correction) implementation for the reproducibility of results is also provided upon request.
The remaining of this article is organized as follows: in Section 2, the process of the offline
Handwritten Text Recognition system is detailed. Then, in the Section 3, the spelling correction
process is presented through statistical and neural networks approaches. In Section 4, the overall
best HTR system produced in our analysis is presented, detailing the optical model and the proposed
encoder–decoder model for spelling correction. In Section 5, the methodology and experimental setup
are explained. In Section 6, the results obtained from the experiment in each dataset and technique
are presented. In Section 7, the results are interpreted and discussed. Finally, Section 8 presents
the conclusions that summarize the article.
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2. Offline Handwritten Text Recognition
Offline Handwritten Text Recognition (HTR) has evolved in the past few decades for two reasons:
(i) the use of training and recognition concepts and techniques previously developed in the field of
Automatic Speech Recognition (ASR); and (ii) the growing number of publicly available datasets for
training and testing. In this way, the optical models in HTR systems are generally associated with
language models, usually at the character or word level, to make the text recognition plausible [2,41].
The most traditional approaches to HTR are based on N-gram language models (statistical
approach) and Hidden Markov Model (HMM) optical modeling with gaussian mixture emission
distributions [42], most recently improved with emission probabilities by multilayer perceptrons [21].
However, notable improvements in HTR recognition accuracy have been achieved through artificial
neural networks as optical models, specifically the Convolutional and Recurrent Neural Network
(CRNN), becoming the current state-of-the-art [2,15,40].
This current approach, detailed in Figure 1, uses images as input data and has final recognized
texts as output data. Then, the defined steps are: (i) image preprocessing and normalization; (ii) image
features extraction through Convolutional Neural Network (CNN); (iii) selected features propagation
over the sequence with a Recurrent Neural Network (RNN); and (iv) the loss function calculation
(to conduct model training) through the Connectionist Temporal Classification (CTC) [43], combined
to the traditional language model (dictionary included) and HMM to achieve even better accuracy
through the text decoding with linguistic knowledge built from dataset [2,44,45].

(i)
Input
Image

Preprocessing

(ii)

(iii)

Feature
Extraction

Feature
Propagation

(iv)
Temporal
Classiﬁcation
Dictionary

Language
Model

Output
Text

Dataset

"It went, perhaps, some distance beyond"

Figure 1. Workflow of the offline handwritten text recognition system.

2.1. Image Preprocessing
The cursive style varies depending on the writer and has unique characteristics from one
person to another. Not only that, but external factors also directly influence the way of writing,
such as the writing instrument used, the emotional state of the writer, and the time available [6].
This great variability leads to the application of image processing techniques to normalize these
irregularities [8,21]. In these techniques, contrast correction, slant correction and image standardization
are commonly used [21,46].
The first strategy, contrast correction, is adopted to reduce lighting irregularities in the image,
such as light peaks and excessive shadows. Thus, techniques such as illumination compensation
are efficient for this scenario, since they also remove background and foreground noises through
lighting [47]. The second, slant correction or dislant, aims to normalize the vertical inclination of the
characters. The method detects the slant angle of the writing on the vertical axis and then applies
a geometric image transformation to adjust the angle detected [48]. The last strategy, standardization
(or Z-score normalization), aims to rescale the image features (pixels) to result in an image with pixels
with mean and variance values equal to 0 and 1, respectively [49].
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2.2. Optical Model
The main component of the HTR system, the optical model, is represented by the steps following
preprocessing. It is responsible for observing an image, understanding the context, and decoding it
in text [21]. Currently, using Convolutional Recurrent Neural Networks (CRNN) with Connectionist
Temporal Classification (CTC), the state-of-the-art optical model is subdivided into three steps [2,49].
In the first step, the input image, already preprocessed, feeds the CNN layers to extract
features.This process can be done through the traditional CNN layers [2,15] or using the Gated
mechanism [40,50], in which it aims to extract even more relevant information.
The second step uses the sequence of features extracted within RNN layers to map and generate
a matrix containing character probabilities for each time-step (positions in the sequence). In this
process, Bidirectional Long Short-Term Memory (BLSTM) and Bidirectional Gated Recurrent Unit
(BGRU) layers are generally used to better handle large text sentences and their contexts [15].
Finally, in the third step, the probability matrix has two processing ways through the CTC:
(i) calculate the loss function with the loss algorithm CTC in order to adjust the weights for learning
the model (training phase); and text decoding (ii) using an CTC decoding algorithm (classification
phase) [43,49].
2.3. Text Decoding with Linguistic Knowledge
We can perform text recognition of images for digital medium only using the character predictions
generated by the optical model, specifically by CTC decoding [44]. However, from a linguistic
perspective, we have an initial understanding of the context and what results the HTR system should
return, which means in a set of predefined linguistic context about the texts to be decoded [18].
A conventional approach to modeling this contextual information is through the language
model and its dictionary (vocabulary). This component is responsible for defining the set of words
that the system can recognize and the words that have not been defined in this set are considered
out-of-vocabulary [51]. Thus, depending on the context, the size of the dictionary can vary between
small (dozens), medium (hundreds), and large (thousands) of defined words, in the latter case, it is
considered an unrestricted text recognition [51].
Statistical approaches, specifically N-gram models, remains conventional to HTR systems [52–54].
The N-gram language model consists of a probabilistic distribution of characters or words, in which
the probability of a term depends on the previous terms. The N-gram model follows a Markovian
assumption to make it possible approximate the probability of a term, given the previous n − 1
terms [55].
Currently, a common decoder in HTR systems, optical model output, and language model,
are integrated by means of the Hidden Markov Model (HMM), which disregards the CTC decoding
step and takes into account only the RNN output [2,21,56,57]. The role of HMM in a decoding process
is to recover the most likely sequence of states that produce a given observed sequence [58]. Regarding
the HTR context, the HMM retrieves the most likely sequence of words, given the sequence of the
observed characteristic vector [21,57].
3. Spelling Correction
A spelling checker system, in most cases, checks the context of surrounding words, to only then
present the possible error and its suggestions for correction. A spelling corrector goes one step further
and automatically chooses the most likely word [59]. The spelling corrector has three approaches
to deal with sentence correction: (i) uses a word frequency dictionary and works by entering one
word of the sentence at a time [60]; (ii) uses a statistical language model and certain linguistic rules to
learn the probability distribution of words [61]; and (iii) uses neural networks to build deep linguistic
knowledge [62].
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The correction steps are defined in: (i) preprocessing of the text in order to normalize the sentences;
(ii) error detection through the frequency dictionary, language model or neural network. In addition,
if there is no error in the sentence, the next steps are ignored; (iii) generation of candidate words
for correction from the detected error, considering the correction with the most likely word in the
candidate list [63]. Figure 2 shows the workflow of the spelling correction system.
"It wnt, peraps, smoe distancee bey0nd"

(i)
Input
Text
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(ii)

Error Detection

(iii)

Correction
Candidates List

Error Correction

Output
Text

Dataset

"It went, perhaps, some distance beyond"

Figure 2. Workflow of the spelling correction system.

3.1. Text Preprocessing
Initially, to normalize a text, it is important to define what counts as a valid word (token) within
a computer-readable text or speech collection (corpus, plural corpora) [64]. Tokens can count (or not)
punctuation marks, depending on the final application [59]. Among the text preprocessing methods,
we can highlight: (i) tokenization, task of breaking a sentence into words or characters; (ii) filtering,
task to remove words of little information (stopwords); (iii) lemmatization, the task of grouping several
inflected forms of the same word so that they can be analyzed as a single token; and (iv) stemming,
the task of obtaining the stem of derived words, also as a way of analyzing it as a single token [65].
However, for most NLP applications, we need to preserve as much information as possible
from the text, so only tokenization is used [59]. In this context, the well-known Penn Treebank
Tokenization standard [66] is commonly used for corpora analysis of datasets. This standard separates
out clitics (“doesn’t” becomes “does” plus “n’t”), keeps hyphenated words together, and separates out
all punctuation.
Therefore, text preprocessing, or normalization, is the most important step in the spelling
correction process for standardizing text input. This step influences the entire performance of the
system, since any error in the tokenization, for example, can be equivalent to an unsuccessful spelling
error detection and correction, or create noise in the construction of linguistic knowledge in a language
model or neural network [59,67].
3.2. Error Detection
The spelling error detection process consists of verifying, given an input text, if it is considered
a valid index or not. In a way, efficient techniques have been developed to detect the various
types of spelling errors; however, the two most known techniques for this task are N-gram
analysis and dictionary lookup, which are most used by text recognition systems and spell checkers,
respectively [68,69].
The first approach, N-grams, are sub-strings of tokens with N-sequences. The detection process
works by counting each N-gram probability of the input text and looking it up in a pre-built table
of N-gram statistics. If a non-existent or rare N-gram is found, the token is flagged as a misspelling,
otherwise not [70]. The second approach, dictionary, is structured from a given corpus and group
words to avoid repetition (called word-types or types), and it is used to check each word in the input
text for its presence in the dictionary. If that word is present in the dictionary, it is a correct word;
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otherwise, it is flagged as a misspelling [59]. Furthermore, the frequency of words can also be integrated
into the raw dictionary to increase vocabulary knowledge and create ranges for candidate words based
on the value of occurrences. In this way, word-types are ordered by frequency of occurrence [71,72].
3.3. Error Correction
After detecting a spelling error in a text, the correction process consists of generating a correction
candidates list and ranking them. The construction of this ranked list usually invokes some measure
of probabilistic estimate between the incorrect sequence and the possible candidates [68,69].
In this context, the most studied algorithms for spelling correction are: (i) rule-based techniques [73],
for which the candidate generation process consists of applying all the rules applicable to an incorrect
sequence and keeping all valid words; (ii) similarity keys [74], which maps all character strings to a key,
in which strings with similar spellings have similar keys; (iii) edit distance [75], which considers the
three editing operations (insertion, exclusion, substitution) for one string to be converted into the other,
and then to rank candidates based on the minimum number of operations performed; (iv) N–gram with
probabilistic techniques (language model) [76,77], represent that a given character will be followed
by another, in which they can be estimated by collecting N-gram frequency statistics in a large text
corpus [69]; and finally, (v) neural networks [78], the most recent approach.
3.4. Encoder–Decoder Neural Network Model
The encoder–decoder model, also known as Sequence to sequence (Seq2seq) [26,29], is an approach
of Neural Networks that consists of two sequential Recurrent Neural Networks (RNNs). The first
RNN is responsible for encoding an input of variable-length symbol sequences into a fixed-length
representation, while the second RNN decodes this fixed-length representation into another
variable-length symbol sequences.
A potential problem with the traditional Seq2seq approach is that a neural network needs to be
able to compress all the information needed from an input sentence to decode it later. This can make it
difficult for the model to process very long sentences, especially those that are longer than training
sentences [30]. According to [30], Attention mechanism allows the model to learn how to generate
a context vector that best represents the input sentence at each stage of decoding; this means that the
model learns to focus and pay more attention to the relevant parts of the input sequence.
Bahdanau’s Attention (additive style) [30], and Luong’s Attention (multiplicative style) [31] are
considered the major approaches in the Seq2seq models. Both mechanisms follow the same application,
slightly changing the score vectors calculation:
(
score(ht , hs ) =

h>
t Wa hs

Multiplicative

v>
a tanh (Wa ht + Ua hs )

Additive

(1)

where ht is the encoder output, hs is the hidden state and v a , Wa , Ua are weights’ matrices.
Thus, after the encoder produces hidden states of each element in the input sequence, the steps
are defined: (i) the alignment scores (attention weights) are calculated between the hidden state of the
previous decoder and the hidden states of each encoder, where Tx denotes the length of source:
αts =

exp(score(ht , hs ))
Tx
∑k=
1

exp(score(ht , hk ))

(2)

(ii) the context vector is calculated by multiplying the alignment scores by their respective hidden
states of the encoder:
ct = ∑ αts hs
(3)
s
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(iii) the context vector is concatenated with the previous decoder output (attention vector), feeding the
decoder at the current time-step to produce a new output:
at = f (ct , ht ) = tanh(Wc [ct ; ht ])

(4)

These steps repeat themselves for each decoder time-step until the decoding process ends
(“<EOS>” special character or maximum length).
Most recently, a mechanism, called Multi-Head Attention, was proposed in a model architecture
composed entirely of attention layers, the Transformer model [22], which makes use of Scaled
Dot-Product Attention to relate different positions of a single sentence and calculate a representation.
In this way, the Attention mechanism has the function of mapping vectors of a query and a set of
key-value pairs, in an output.
The output is calculated as a weighted sum of the values, where the weight assigned to each
value is calculated by a query compatibility function with the corresponding key. Then, the input data
consist of queries and keys of dimension dk and values of dimension dv . To obtain the weights of the
values, a softmax function is applied to the dot product of the query with all the keys, divided each by
√
dk . The output matrix is defined as bellow:
QK T
Attention( Q, K, V ) = so f tmax ( √ )V
dk

(5)

where the attention function computes a set of queries simultaneously, packed into a Q matrix. The keys
and values are also packed into K and V matrices, respectively. Then, the Multi-Head Attention allows
for jointly attending information from different representation subspaces in different positions through
a attention heads, where WiQ , WiK , WiV are weights matrices:
headi = Attention( QWiQ , KWiK , VWiV )

(6a)

MultiHead( Q, K, V ) = Concat(head1 , ..., headh )W O

(6b)

Therefore, this mechanism allows the weights to be calculated in parallel in the model
training instead of the traditional encoder–decoder, being the current approach in the field
of linguistics [22,32,33]. However, it tends to be slower in the inference phase, since the decoding
process is performed through the projection of subspaces; this means that a new context vector is
calculated for each iteration over time-steps [22].
4. The Handwritten Text Recognition Proposed System
In this section, an overview of the proposed model architectures is described. At first,
the optical model is detailed according to the offline Handwritten Text Recognition system.
Then, the encoder–decoder model is detailed according to the Spelling Correction system.
4.1. Optical Model
The optical model architecture, responsible for recognizing the text from the images, is composed
of the convolutional block followed by the recurrent block. Then, the proposed model uses
gated mechanism presented by [50] in the convolutional layers, and make use of recent deep
learning approaches.
The convolutional block is composed by: (i) 3 × 3 convolution with gated to extract 16 features;
(ii) 3 × 3 convolution with gated to extract 32 features; (iii) 2 × 4 convolution with gated to extract
40 features; (iv) 3 × 3 convolution with gated to extract 48 features; (v) 2 × 4 convolution with gated to
extract 56 features; and (vi) 3 × 3 convolution to extract 64 features. For all traditional convolutional
layers, batch renormalization [79] is applied, and, in the last three with gated mechanisms, dropout
(rate of 0.2) is applied. As an activator and initializer, we use He uniform and Parametric Rectified
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Linear Unit (PReLU) [80], respectively. Finally, the recurrent blocks contain two BGRU (128 hidden
units per GRU) with dropout (rate of 0.5) per GRU [52], alternated by a dense layer. Figure 3 shows
the overview of proposed optical model architecture.
Convolutional Block

Dense

BGRU (128x2)

Dense

MaxPooling 1x2

Conv 3x3 (64 ﬁlters)

BGRU (128x2)

Gated

Conv 2x4 (56 ﬁlters)

Gated

Conv 3x3 (48 ﬁlters)

Gated

Conv 2x4 (40 ﬁlters)

Gated

Conv 3x3 (32 ﬁlters)

Conv 3x3 (16 ﬁlters)

Gated

Recurrent Block

Figure 3. Proposed optical model architecture.

4.2. Spelling Corrector
The spelling corrector, responsible for correcting the output texts of the optical model, is composed
by encoder–decoder model architecture, specifically Sequence to sequence (Seq2seq) approach.
Then, the proposed Seq2seq architecture uses GRU layers, wherein the Encoder is one bidirectional
layer, and the Decoder is another GRU with twice the number of hidden units (to match the
Encoder units).
The Attention mechanism is applied with the output of the Encoder and Decoder. In addition,
each GRU uses dropout with a rate of 0.2 [81], and a normalization layer is also applied with the
output of the Attention mechanism and Decoder [22,82]. Figure 4 shows the overview of proposed
Seq2seq architecture.
Encoder
BGRU
Output

Decoder

States

GRU
Output

+
Attention mechanism

+

Layer Normalization
Dense

Figure 4. Proposed encoder–decoder architecture using Bidirectional Gated Recurrent Unit (BGRU) as
encoder input and Gated Recurrent Unit (GRU) as decoder input.

5. Materials and Methods
To perform the experiment, two independent systems are implemented: (i) Handwritten Text
Recognition (HTR), in which it receives an image as input and returns the recognized text; and (ii) the
Spelling Corrector, which receives a text as input and returns another text with the corrections. Finally,
the correction system acts as post-processing in the HTR system.
The datasets adopted were built with a focus on the text recognition process, but are applied in
both systems in this work. For the HTR system, the partitioning methodology (training, validation
and testing) follows that defined by each set. It is worth mentioning that the accentuation marks are
disregarded for the training, in order to reduce the number of character variations for the optical model
and maintain the accentuation corrections in the post-processing stage.
For the Spelling Corrector, the texts (ground truth) of the sets are used to generate multi-grams [18];
this means generating new lines of text from sequential combinations of the original sentences. In this
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way, it is possible to considerably increase data and make it compatible with statistical and neural
network approaches. In addition, the data are partitioned into training (90%) and validation (10%) for
better representation in training, since the test partition will be the same used in the HTR system.
In the spelling correction model training, artificial spelling errors (text noises) are generated
through editing operations (transposition, substitution, insertion, and deletion) with error variation
between 5% to 10% of the sentence [83]. These text noises are generated randomly at each model
iteration (each epoch) for the training partition. On the other hand, the noise is generated only once in
the validation partition. Finally, Figure 5 shows the proposed system workflow with the integration in
a post-processing step.

(i)
Input
Image

Preprocessing

Feature
Extraction

(ii)

Feature
Propagation

Temporal
Classiﬁcation

HTR output

Post-processing

Spelling Correction
output

"It wnt, peraps, smoe distancee bey0nd"
"It went, perhaps, some distance beyond"

Figure 5. Proposed system workflow.

5.1. Metrics and Evaluation
The most common evaluation metrics in HTR systems are adopted: (i) Character Error Rate (CER);
(ii) Word Error Rate (WER); and (iii) Sequence Error Rate (SER) [2,84]. CER is defined as the minimum
number of editing operations; at the character level, a word must match its respective ground truth.
WER and SER are defined in the same way, but at the word and sentence level.
For the statistical evaluation, we used an analysis equivalent to that presented by [15]. It involves
two well-known statistical measures: (i) the confidence interval, to visualize the distribution of the
results in the different sentences; and (ii) the p-value, to perform hypothesis tests of superiority or
non-inferiority of our proposal in relation to the baseline.
In this context, to calculate the confidence interval, we use the non-parametric bootstrapping
test [85], as it is not necessary to assume about the normality of the data distribution. In relation to the
p-value calculation, we use the Wilcoxon signed-rank test [86] with a significance of 5%, meaning that
the null hypothesis assumes that our approach performs at least 5% worse than the traditional one.
Thus, the null and alternative hypotheses in superiority (left) and non-inferiority (right) tests are:
(
(
H0 : e1 = e2
H0 : e1 − e2 ≥ ∆
(7)
Ha : e1 6 = e2
Ha : e1 − e2 < ∆
where e1 is the error rate (character, word, sequence) achieved by non-traditional spelling correction
approaches in the HTR system, e2 is the achieved by the traditional language model process,
and ∆ = 0.05 × e2 . In both scenarios, the spelling correction is analyzed over several recognized
texts. Thus, all models of neural networks are executed twenty times [87] and the average among the
results of the executions is taken into account.
5.2. Datasets
The experiment is performed on five datasets widely used for unrestricted handwriting
recognition: Bentham [35]; IAM [36]; RIMES [37]; Saint Gall [38]; and Washington [39]. In addition,
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the performance is also analyzed in a universal dataset composed for all datasets mentioned, called in
this work All in One.
For the HTR system, all datasets follow their own partitioning methodology, defined in three
subsets (training, validation, and testing). For the Spelling Corrector, the formation of new data
(multi-grams) is considered for the training and validation subsets, while the test subset remains
the same. In this way, the training subset is used by the learning algorithm to adjust the network
parameters (weights). At this stage, training progress is assessed through the validation subset. Finally,
the final model is evaluated using the test subset.
5.2.1. Bentham
The Bentham database [35] is a collection of manuscripts written by English philosopher Jeremy
Bentham (1748–1832). This set of historical data has about 11,500 lines of text, where the images are in
gray scale and have a dark background with noise in the text.
For the HTR system, partitioning consists of 9195 lines of text for training, 1415 for validation,
and 860 for testing. For the Spelling Corrector scenario, partitioning is 264,678 for training and 29,408
for validation. In addition, the set has a distribution of 85 unique characters and 9048 unique words.
Table 1 summarizes the data distribution in both scenarios.
Table 1. Data distribution from Bentham database.
System
Handwritten Text Recognition
Spelling Correction

Sentence Length
Minimum

Maximum

2
2

105
105

Average
Tokens/Sentence
Chars
Words
48
28

8
5

Partitioning
Training

Validation

Testing

Total

9195
264,678

1415
29,408

860
860

11,470
294,946

5.2.2. IAM (Institut für Informatik und Angewandte Mathematik)
The Department of Computer Science and Applied Mathematics (Institut für Informatik und
Angewandte Mathematik, IAM) database [36] contains 1539 handwritten English scanned text pages in
gray scale. This set was built from 657 different writers and has about 9000 lines of text, extracted from
these scanned pages. In addition, the images have a clear background and some have a darkening
around the words.
This dataset was organized to ensure a line recognition task independent of the writer, which
means that each writer’s handwriting is found only in a single subset. Then, image partitioning
for HTR system is 6161 for training, 900 for validation, and 1861 for testing. For Spelling Corrector,
text partitioning is 141,312 for training and 15,701 for validation. Unique characters and words are 78
and 9087, respectively. Table 2 summarizes the data distribution.
Table 2. Data distribution from IAM (Institut für Informatik und Angewandte Mathematik) database.
System
Handwritten Text Recognition
Spelling Correction

Sentence Length
Minimum

Maximum

20
3

81
81

Average
Tokens/Sentence
Chars
Words
44
23

7
4

Partitioning
Training

Validation

Testing

Total

6161
141,312

900
15,701

1861
1861

8922
158,874

5.2.3. RIMES (Reconnaissance et Indexation de Données Manuscrites et de fac SimilÉS)
The Recognition and Indexing of Handwritten Documents and Faxes (Reconnaissance et
Indexation de données Manuscrites et de fac similÉS, RIMES) database [37] is a collection of over 12,000
text lines written in French language by several writers from 5600 handwritten mails. The challenge
in this set is to deal with the recognition of several accented characters, since the images have a clear
background and more readable writing.
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The partitioning for the HTR system consists of 10,193 lines of text for training, 1133 for validation,
and 778 for testing. As for the Spelling Corrector, 171,376 is for training and 19,041 for validation.
Among the datasets, it has the largest list of unique characters, due to the accented characters, totaling
95 characters and 6358 unique words. Table 3 summarizes the data distribution.
Table 3. Data distribution from RIMES (Reconnaissance et Indexation de données Manuscrites et de
fac similÉS) database.
Sentence Length

System
Handwritten Text Recognition
Spelling Correction

Minimum

Maximum

2
2

110
110

Average
Tokens/Sentence
Chars
Words
47
30

7
5

Partitioning
Training

Validation

Testing

Total

10,193
171,376

1133
19,041

778
778

12,104
191,195

5.2.4. Saint Gall
The Saint Gall database [38] brings historical manuscripts in Latin from the 9th century of a single
writer. This set has no punctuation or accentuation marks, having only 48 and 6000 unique characters
and words, respectively. In addition, the images are already binarized and normalized.
This dataset is the second, among the others that has a lack of data (1410 in total), and brings the
challenge of overfitting in model training. Thus, the partitioning of images for recognition is 468 for
training, 235 for validation, and 707 for testing. For spelling correction, it is 42,283 for training and
4698 for validation. Table 4 summarizes the data distribution.
Table 4. Data distribution from Saint Gall database.
Sentence Length

System
Handwritten Text Recognition
Spelling Correction

Minimum

Maximum

8
3

74
74

Average
Tokens/Sentence
Chars
Words
56
26

8
4

Partitioning
Training

Validation

Testing

Total

468
42,283

235
4698

707
707

1410
47,688

5.2.5. Washington
The Washington database [39] was built from George Washington papers at the Library of
Congress in English language from the 18th century. This set of historical manuscripts brings two
writers and transcriptions at line-level. Like Saint Gall, it has even less data (total of 656), increasing
the overfitting scenario. In addition, your images are also binarized and normalized.
This set also has 68 unique characters and only 1189 unique words. Thus, for the HTR
system, the data are divided into 325 for training, 168 for validation, and 163 for testing. As for
the Spelling Corrector, there are only 12,933 for training and 1437 validation. Table 5 summarizes the
data distribution.
Table 5. Data distribution from Washington database.
System
Handwritten Text Recognition
Spelling Correction

Sentence Length
Minimum

Maximum

4
3

62
62

Average
Tokens/Sentence
Chars
Words
42
22

7
4

Partitioning
Training

Validation

Testing

Total

325
12,933

168
1437

163
163

656
14,533

5.2.6. All in One
Finally, the approach that combines all the other datasets is presented. This combination respects
the partitioning adopted by each dataset; thus, the HTR system has a distribution of 26,342 samples for
training, 3851 for validation, and 4369 for testing. As for the Spelling Corrector, there are 632,582 and
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70,285 for training and validation, respectively. Furthermore, it has 98 unique characters and 26,690
unique words. Table 6 summarizes the data distribution.
Table 6. Data distribution from All in One database.
Sentence Length

System

Minimum

Maximum

2
2

110
110

Handwritten Text Recognition
Spelling Correction

Average
Tokens/Sentence
Chars
Words
47
27

Partitioning

8
4

Training

Validation

Testing

Total

26,342
632,582

3851
70,285

4369
4369

34,562
707,236

5.3. Preprocessing
To minimize variations in data (images), we use image preprocessing: (i) illumination
compensation [47]; (ii) slant correction (deslant) [48]; and (iii) standardization with color inversion.
Thus, it is possible to keep the images with few background and noise among the datasets.
The Penn Treebank Tokenization standard [66] process was applied to text data, both for the HTR
and Spelling Correction, which involves spacing between punctuation marks and joining parts of the
hyphenated words together. In addition, we also separate the clitics terms, thus, optical model and
corrector have their learning processes standardized in the same text pattern.
5.4. Optical Model
To compose the optical model, we adopted three architectures: two of the current state-of-the-art
and one proposed for this work (presented in Section 4). In this way, we can analyze different
texts’ recognition methods as inputs to the Spelling Corrector. The optical model is composed of
the convolutional block followed by the recurrent block; in addition, we added the Vanilla Beam
Search [88] algorithm as CTC decoding (beam_width = 10), with the exception of the traditional
approach, which uses Hidden Markov Model with the language model for decoding.
The first architecture, presented by [40], is a small model that uses its own gated mechanism
approach in the convolutional layers. Thus, the convolutional block is composed of: (i) 3 × 3
convolution to extract 8 features; (ii) 2 × 4 convolution with gated to extract 16 features; (iii) 3 × 3
convolution with gated to extract 32 features; (iv) 2 × 4 convolution with gated to extract 64 features;
and (v) 3 × 3 convolution to extract 128 features. In addition, Hyperbolic Tangent function (tanh) and
Glorot uniform [89] is used as activator and initializer, respectively. Likewise, the recurrent block
contains two BLSTM (128 hidden units per LSTM) alternated by dense layer. Figure 6 shows the
overview of Bluche optical model architecture.
Convolutional Block

Dense

BLSTM (128x2)

Dense

BLSTM (128x2)

MaxPooling 1x4

Conv 3x3 (128 ﬁlters)

Gated

Conv 3x3 (32 ﬁlters)

Gated

Conv 3x3 (32 ﬁlters)

Conv 2x4 (16 ﬁlters)

Conv 3x3 (8 ﬁlters)

Gated

Recurrent Block

Figure 6. Bluche architecture overview.

The second architecture, presented by [15], is a big model that uses only traditional convolutional
layers and several bidirectional recurrent layers; thus, its performance is equivalent to models that
use multidimensional recurrent layers [54]. The convolutional block is composed of layers with
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3 × 3 convolution with number of features extraction following the order of 16n (16, 32, 48, 64, 80),
and MaxPooling to reduce data in the first three layers. In addition, dropout is applied (rate of 0.2) in
the last three layers to avoid overfitting [90], and Batch Normalization [91] is used in all convolutional
layers to normalize the inputs of nonlinear activation functions. Glorot uniform [89] and Leaky Rectifier
Linear Units (LeakyReLU) [92] are used as activator and initializer, respectively. The recurrent block,
contains five BLSTM layers (256 hidden units per LSTM) with a dropout (rate of 0.5) per LSTM [52].
Finally, dropout (rate of 0.5) is applied before the last dense layer. Figure 7 shows the overview of
Puigcerver optical model architecture.

Dense

BLSTM (128x2)

BLSTM (128x2)

BLSTM (256x2)

BLSTM (128x2)

BLSTM (128x2)

Conv 3x3 (80 ﬁlters)

Conv 3x3 (64 ﬁlters)

Recurrent Block

MaxPooling 2x2

Conv 3x3 (48 ﬁlters)

MaxPooling 2x2

Conv 3x3 (32 ﬁlters)

MaxPooling 2x2

Conv 3x3 (16 ﬁlters)

Convolutional Block

Figure 7. Puigcerver architecture overview.

The training and classification phase is applied in the same way for the three optical models,
which we trained each one to minimize the validation loss value of the CTC function. We used
RMSprop optimizer [93] with a learning rate of 0.001 and mini-batches of 16 image samples per step.
Reduce Learning Rate on Plateau (factor of 0.2) and Early Stopping mechanisms also are applied after
15 and 20 epochs, respectively, without improvement in the validation loss value.
Furthermore, the optical models have input size of 1024 × 128 × 1 (Height × Width × Channel)
and maximum length text sentence set to 128. Finally, the CTC uses the 95 printable characters from
ASCII (letters, digits, punctuation marks) to decode the final text; this means that accented characters
are converted to non-accented characters (normalized).
5.5. Spelling Corrector
Spelling correction in the HTR system has two ways of implementation. The first one incorporates
a decoding step with the language model to correct possible errors generated by the optical model,
whose input is a CTC character probability matrix. The second uses raw text as an input to correct the
potential errors. Thus, we use these two implementation scenarios, in which the second approach is
used as a proposal. In addition, the traditional method in the HTR system, uses the first implementation
approach through HMM combined with the language model [2,15,21].
In the HMM with language model approach, the RNN block serves as an emitter of a probability
model, which converts it into scaled pseudo-probability estimates to build the HMMs and perform the
decoding. The pipeline consists of three weighted finite-state transducers [57]: (i) the representation
of the HMM built through left-to-right topology; (ii) Lexicon, a vocabulary list built from character
vocabulary of the optical model; and (iii) Grammar, a N-gram language model built on the corpus
(dataset), providing probabilities in relation to most likely sequences of length N. Finally, the decoder
receives the input and searches for the best transcription using Vanilla Beam Search algorithm
(beam_width = 10) [20].
In second scenario (text as input), we use statistical and neural network approaches. Thus, for the
statistical approach, we used three correction techniques—(i) Similarity with N-gram [94]; (ii) Edit
distance [95]; and (iii) Edit distance with Symmetric Delete algorithm (SymSpell) [96].
The Similarity method applies the N-gram at the character level to each word and stores the
substrings as a representation. To find similar strings, the same N-gram process is performed on the
input text and selects the words that share the most substrings.
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The Edit distance method, using the [95] algorithm, generates all possible terms using editing
operations with a distance N from the query term and searches for it in a dictionary. Thus, for a word
of length L, a charset size C and an edit distance N = 1, there will be L deletions, L − 1 transpositions,
CL substitutions, and C ( L + 1) insertions, totaling 2L + 2LC + C − 1 terms at search time. Finally,
candidate terms are ordered by the shortest distance.
The Symspell method is an improvement to the Norvig algorithm, in which it generates all
possible terms using only delete editing operation with a distance N from the query term and searches
for it in a word frequency dictionary. Thus, for a word of length L, a charset size C and an edit distance
N = 1, there will be only L deletions, totaling L terms at search time. Finally, candidate terms are
ordered by the shortest distance with most frequency.
On the other hand, for a neural network approach, we use two models’ variations: (i) Sequence
to sequence (Seq2seq) with Attention mechanism; and (ii) Transformer. It is worth mentioning that
the Seq2seq model was developed and proposed for this work (presented in Section 4), while the
Transformer model was used as proposed by [22].
For a better analysis of the proposed architecture, we extended the Seq2seq model in three new
variations: (i) using Bahdanau’s Attention [30] with 512 hidden units; (ii) using Luong’s Attention [31]
with 512 hidden units; and (iii) using Luong’s Attention [31] with 1024 hidden units. Luong’s Attention
was chosen in the last variation because it offers fast model training and a fast decoding process, when
compared to Bahdanau’s Attention and Transformer model, respectively.
Transformer model [22] is also used, which in particular uses only the Attention mechanism
instead of the recurrent ones. Thus, unlike the traditional Seq2seq, it uses Embeddings layers
with Positional Encoding in the inputs, to create and extract more information from the texts.
Then, multiple Multi-Head Attention is performed, followed by normalization layers and Feed
Forward processes, which are composed of two dense layers, where the first one is activated by
the ReLU function. In addition, the model architecture is the same as the original model base presented
by [22], with the exception of the inner-layer dimensionality d f f = 512. In this way, it minimizes
the difference between the number of trainable parameters between the models. Figure 8 shows the
overview of Transformer architecture.
Encoder

Decoder

Embedding

Embedding

+

Positional Encoding

+

Multi-Head Attention

Multi-Head Attention

+

+

Layer Normalization

Layer Normalization

Dense Feed Forward
Layer Normalization

Multi-Head Attention
+
Layer Normalization

Dense Feed Forward
+
Layer Normalization
Dense

Figure 8. Transformer architecture overview.
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The training and inference phase are applied in the same way for all models. Thus, we use the
Adam optimizer [97] with learning rate schedule throughout the training [22]. This schedule function
corresponds to linearly increasing the learning rate for the first warm-up step of training and then
decreasing it proportionally to the inverse square root of the step number. In addition, we define
warmup_steps = 4000.
Furthermore, we used batches of 64 text samples per step with a maximum length of 128 per
sentence. The Early Stopping mechanism is also used after 20 epochs with no improvement in the
validation loss value. Finally, different from optical models, the Spelling Corrector considers printable
characters and accented ones as well, totaling a charset size of 150.
5.6. Experimental Design
The experiment is executed over two environments: (i) the Google Colab platform, equipped with
Graphics Processing Units (GPU) and responsible for executing the training phase of all models of
neural networks (optical and encoder–decoder models); and (ii) a workstation equipped only with
Central Processing Unit (CPU) and responsible for performing the classification and inference phase of
the models and statistical approaches. The configuration of the two environments is as follows:
(i) Intel Xeon (1) @ 2.20 GHz, 12 GB RAM, NVIDIA Tesla P100 16 GB, Ubuntu 18.04 OS;
(ii) Intel i7-7500U (4) @ 3.500 GHz, 16 GB RAM, Arch Linux OS.
Therefore, to summarize all the possibilities of combinations between the techniques,
we organized each component of the experiment in groups: (i) Dataset, responsible for providing the
data in image and text format; (ii) Optical Model, responsible for transcribing the content of the image
into text; and (iii) Spelling Corrector, responsible for correcting potential errors in the transcribed text.
Figure 9 shows the group organization, as well the components of each one.
Spelling Corrector
Kaldi (HMM + LM)

Dataset
Similarity

All in One

Bentham

Optical Model

Norvig (Edit distance)

Bluche
SymSpell (Edit distance)

IAM
Puigcerver

Bahdanau (Seq2seq)

RIMES
Flor
Saint Gall

Luong 512 (Seq2seq)

Washington

Luong 1024 (Seq2seq)

Transformer

Figure 9. Experiment design overview.

6. Results and Discussion
In this section, we show and analyze all the results following the experimental methodology
previously described. At first, the consolidated results with a statistical analysis is presented.
Then, in the following subsections, we present the results obtained in each tested dataset, detailing the
rates of each optical model and spelling corrector.
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6.1. Statistical Analysis
As we used several approaches for spelling correction, including some proposed neural network
models, we performed the statistical analysis comparing the method with the best result against the
traditional one, performed by Kaldi. In order to define our candidate for analysis, we considered the
lowest average error rate in the metrics CER, WER, and SER. Thus, to compose this average, we take
into account all the results among all datasets, optical models, and executions.
Furthermore, we take as baseline the output of the three optical models (Bluche, Puigcerver,
and Flor) over the three metrics (CER, WER, and SER). This baseline refers to the standalone application
of the optical model, that is, no post-processing is applied.
In this context, our proposed model with Luong 1024 had the best results with the average
character, word, and sentence error rates of 3.2% (±0.0632), 7.7% (±0.1095) and 35.3% (±0.3898),
respectively. On the other hand, Kaldi obtained 6.5% (±0.0632), 19.0% (± 0.1612), and 76.7% (±0.4000).
This means that the model with Luong 1024 reached around 65% corrected sentences on average,
while Kaldi, 23%. Figure 10 shows in detail the average performance of each technique on the error
rate metrics (baseline included).
Baseline

8.5%

Baseline

26.9%

Baseline

83.9%

Similarity

7.7%

Similarity

19.2%

Similarity

78.0%

Kaldi

6.5%

Kaldi

19.0%

Kaldi

76.7%

Norvig

6.4%

Norvig

18.1%

Norvig

72.9%

SymSpell

6.1%

SymSpell

16.1%

SymSpell

69.6%

Transformer 5.8%

Luong 512

13.3%

Luong 512

5.3%

Bahdanau

4.5%

Bahdanau

Luong 1024

3.2%

Luong 1024

Transformer 57.7%

Transformer 13.2%

Luong 512

53.4%

12.6%

Bahdanau

49.8%

Luong 1024

35.3%

(a)

7.7%

(b)

(c)

Figure 10. Error rates summary (lower is better), (a) Character Error Rate (CER); (b) Word Error Rate
(WER); (c) Sequence Error Rate (SER).

Thus, for confidence interval of 95%, we need to validate if the p-value is below the α = 0.05
threshold (p < 0.05) to reject the null hypothesis (H0 ) or if the p-value is above (p > 0.05) to reject the
alternative hypothesis (H1 ). In addition, an alternative hypothesis to be tested is formulated for each
metric. Table 7 details the alternative hypotheses and results obtained, providing statistical evidence.
Table 7. Statistical analysis (α = 0.05).
Hypothesis Test
Proposed model presents lower CER results than traditional decoding
Proposed model presents lower WER results than traditional decoding
Proposed model presents lower SER results than traditional decoding

p-Value
10−7

6×
(H0 rejected)
5 × 10−7 (H0 rejected)
5 × 10−7 (H0 rejected)

Therefore, in all three alternative hypotheses, we compute the p-value lower of α = 0.05 threshold
and, thus, we reject the null hypothesis. In other words, the rejection indicates a statistically significant
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superiority of our proposal when using spelling correction as post-processing of text over the traditional
decoding method.
6.2. All in One
The All in One dataset is formed by all the other datasets presented in this work, so that the
linguistic models and the neural networks were built and trained from this combination. For a first
analysis, the application of these models within the All in One test partition is considered. In a second
analysis, the application of All in One’s trained models in each specific dataset is considered to analyze
whether there is improvement or not compared to standard training. This last analysis is presented in
the next sections, within each dataset under analysis.
For the All in One dataset, we obtained up to 58% corrected sentences through the proposed model
with Luong 1024, followed by Transformer and Luong 512 with 44% and 38%, respectively. SymSpell
(N = 3) was better than models with Bahdanau and Luong 512 in correcting characters and words,
while, in sentence correction, it matched only with Bahdanau, both with 36%. Then, Norvig (N = 3)
reached up to 32% corrected sentences, also performed better in some cases at the level of characters and
words. Finally, traditional Kaldi (N = 9) and Similarity (N = 2) presented a sentence correction rate of up
to 24%. Figure 11 shows the performance of each technique on the error rate metrics, also considering
the standalone application of the three optical models as worst case scenario (baseline).
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Figure 11. Error rates in the All in One dataset (lower is better), (a) Character Error Rate (CER); (b) Word
Error Rate (WER); (c) Sequence Error Rate (SER).

In a way, the accentuation marks, ignored by the optical model, are corrected by spelling correction.
However, the All in One dataset presents three languages (English, French, and Latin), which increases
the complexity of learning and correction. With an outstanding benefit, the ability to learn sequences
of terms (punctuation included) is a the differential of neural networks for statistical dictionaries.
6.3. Bentham
In the Bentham dataset, several punctuation marks in sequence are present in the sentences,
so that it makes it difficult for techniques that use sequence-based knowledge. In addition, punctuation
marks represent about 14% of the error rates obtained; this means that, if the punctuation marks are
disregarded, the results obtained are improved. However, we maintain punctuation marks for analysis.
Thus, our proposed model achieved about 75% correct sentences with Luong 1024, followed by
the Transformer and Bahdanau model, with 68% and 61%, respectively. It is important to mention that,
regarding the metrics at character and word level, SymSpell (N = 6) performed better, compared to the
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proposed model with Bahdanau and Luong 512, and Norvig (N = 3). Finally, Kaldi (N = 9) reached
about 48% correction of complete sentences, followed again by Similarity (N = 2), with 45%. Figure 12
shows each technique on the error rate metrics in detail.
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Figure 12. Error rates in the Bentham dataset (lower is better), (a) Character Error Rate (CER); (b) Word
Error Rate (WER); (c) Sequence Error Rate (SER).

The main challenge in this dataset was dealing with punctuation marks and small tokens. On the
other hand, errors caused by the optical model are maintained or just exchanged for another one.
In addition, the Kaldi approach, in some cases, ignores some punctuation marks in more complex
corrections. Figure 13 exemplifies a correction between the techniques through optical model output.

Ground truth:

" native , Cole - be , who first beat her dreadfully about the head ( the

Baseline

" native , Col be , who first beat hes dreadfully about the head f the

Kaldi:

native , Col be , who first beat he dreadfully about the head the

Similarity:

" native , vol be , who first beat helpless dreadfully about the head f the

Norvig:

" native , Col be , who first beat hes dreadfully about the head f the

SymSpell:

" native , Con be , who first beat his dreadfully about the head f the

Bahdanau:

" native , Cole - be , who first beat her dreadfully about the head of the

Luong 512:

" native , Cole , be , who first beat her dreadfully about the head of the

Luong 1024:

" native , Cole - be , who first beat her dreadfully about the head of the

Transformer:

" native , Colony , who first beat her dreadfully about the head of the

Figure 13. Correction sample in the Bentham dataset.

Using the trained model from the All in One dataset, in addition to our own dataset corpus for
statistical methods, the scenario changes slightly. In general, the optical models have a decrease in
recognition, also causing a decrease in corrections. Thus, our model proposed with Luong 1024 reached
62% corrected sentences, followed by the Transformer with 60%. SymSpell (N = 6) and Norvig (N = 3)
now achieved a correction of 54% and 52%, respectively, while the models proposed with Luong 512
and Bahdanau reached 53% and 51%. Finally, Kaldi (N = 9) reached 43% and Similarity (N = 2) 40%.
6.4. IAM
The IAM dataset presents a scenario similar to Bentham, in which there is the presence of
sequential punctuation marks within sentences and has about 9000 tokens distributed by the set.
However, IAM has a smaller number of tokens in each sentence, causing smaller sentences. In addition,
it has about 7% in the error rates obtained referring to punctuation marks.
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In this way, our proposed model reached about 79% of correct sentences with Luong 1024,
followed by the Transformer model with 62%. Unlike the Bentham dataset, the proposed model using
Luong 512 had performance equivalent to Bahdanau’s one, reaching 58% in both. In the statistical
methods, SymSpell (N = 3) corrected about 47% of the sentences, while Norvig (N = 3) and Kaldi (N = 8)
reached 41% and 38%, respectively. Finally, Similarity (N = 2) with only 29% corrected sentences.
Figure 14 shows each technique performed on the error rate metrics.
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Bluche

Puigcerver

Flor

57.1%
Transformer 42.8%
37.6%
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(a)

Puigcerver

Luong 1024
Flor
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(b)

31.3%
25.1%
21.2%
Puigcerver

Flor

(c)

Figure 14. Error rates in the IAM dataset (lower is better), (a) Character Error Rate (CER); (b) Word
Error Rate (WER); (c) Sequence Error Rate (SER).

As a challenge, there is the low occurrence of some specific tokens, in a way that makes it difficult
to use frequency dictionaries or knowledge construction from sequences, for example. Thus, it is more
likely to exchange a wrong token for another, but with greater probability of sequence. This problem
was overcome, in some cases, by the neural networks when considering a larger context of the
sentences, which in turn have a lower average in length. Figure 15 exemplifies a sentence correction
between the techniques.

Ground truth:

But I reckon they ' ll be too busy shooting at

Baseline

But Ireckon they ' If he too big shooty at

Kaldi:

But I reckon they ' I he too big shooty at

Similarity:

out reckon they ' f he too big shoot at

Norvig:

But reckon they ' If he too big shoot at

SymSpell:

But reckon they ' if he too big shorty at

Bahdanau:

But I reckon they ' ll be too busy shooting at

Luong 512:

But I reckon they ' ll be too bigy shooting

Luong 1024:

But I reckon they ' ll be too busy shooting at

Transformer:

But I reckon they ' re too big shooting that

Figure 15. Correction sample in IAM dataset.

Trained on the All in One dataset, the optical models Bluche and Flor achieved a small
improvement in recognition, while the Puigcerver model worsened by about 12%. Even so, our
model with Luong 1024 achieved 53% of corrected sentences, while Transformer 46%. Ranked below,
these are SymSpell (N = 3) with 43% and Norvig (N = 3) with 39%. Kaldi (N = 8), now reaching 31%
of corrected sentences, surpassed on average the models proposed with Luong 512 and Bahdanau,
reaching 33% and 31%, respectively. Finally, Similarity (N = 2) is very close to the baseline with
only 23%, in addition, character correction was worsened.
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6.5. RIMES
The RIMES dataset has a particular scenario with the French language, characterized by
accentuation marks. Thus, punctuation marks can only reach up to 3%, while accentuation marks can
reach up to 48% of the obtained error rates, mainly in statistical methods. It is important to mention
that accentuation markings are normalized in the optical model, which means that the output matrix
(used by Kaldi) does not have the accented character mapping.
Thus, our proposed model reached about 90% of the correct sentences with Luong 1024, followed
by the model with Bahdanau with 80%. The Transformer model had the worst result among neural
networks, about 77%. The scenario changes dramatically in statistical methods, with SymSpell (N = 2)
correcting about 30% of sentences and Norvig (N = 3) with 25%. Finally, again, Kaldi (N = 12) and
Similarity (N = 2), with 22% and 20% of correct sentences, respectively. Figure 16 shows each technique
performed on the error rate metrics.
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12.1%
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Puigcerver

Flor
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Figure 16. Error rates in the RIMES dataset (lower is better), (a) Character Error Rate (CER); (b) Word
Error Rate (WER); (c) Sequence Error Rate (SER).

As a challenge, the accentuation marks make correction difficult, since it is another type of error
in the sentence. For example, Kaldi has a constraint due to the optical model integration, which does
not have accented characters in its charset. The other techniques can deal with the correction since the
corpus for knowledge build (dictionaries and neural networks) contains the accented terms. Figure 17
exemplifies a sentence correction between the techniques.

Ground truth:

Pourriez - vous , s ' il vous plaît , envisager un échelonnement de paiement de

Baseline

Pourriez - . Vous , s ' il vous plait , envisager un echelonnement du paiement de

Kaldi:

Pourriez - vous , s ' il vous plait , envisager un echelonnement du paiement de

Similarity:

Pourriez - . vous , s ' il vous plait , envisager un echelonnement du paiement de

Norvig:

Pourriez - . vous , s ' il vous plaît , envisager un échelonnement du paiement de

SymSpell:

Pourriez - . vous , s ' il vous plaît , envisager un échelonnement du paiement de

Bahdanau:

Pourriez - vous , s ' il vous plaît , envisager un échelonnement du paiement de

Luong 512:

Pourriez - vous , s ' il vous plaît , envisager un échelonnement du paiement de

Luong 1024:

Pourriez - vous , s ' il vous plaît , envisager un échelonnement de paiement de

Transformer:

Pourriez - vous , s ' il vous plaît , envisager un échelonnement de paiement de

Figure 17. Correction sample in the RIMES dataset.
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Trained on the All in One dataset, the Bluche optical model had a small improvement in
recognition, while Puigcerver and Flor had a small worsening. This also occurred in the spelling
correction process, for which, in general, the results worsened. In this context, the proposed model
reached about 72% corrected sentences with Luong 1024, followed by 65% with Transformer,
60% with Bahdanau, and 58% with Luong 512. SymSpell (N = 2) now reaches 26% correction,
while Norvig (N = 3), Similarity (N = 2) and Kaldi (N = 12) reach 24%, 26% and 21%, respectively.
6.6. Saint Gall
The Saint Gall dataset has no punctuation or accentuation marks. In addition, the set is composed
only of the Latin language, which has few characters, and the volume of data is much smaller
than the previous one. In this context, our proposed model with Luong 1024 performed up to 94%
of corrected sentences, followed by the models with Bahdanau, Luong 512, with 86% and 76%,
respectively. The Transformer model had the worst result among neural networks, reaching only 18%.
Similarity (N = 2) and SymSpell (N = 2) both reached 20% correction, while Norvig (N = 3) with 18%.
It is important to note that Kaldi (N = 11), even the last with about 8% sentence correction, ranks first
among statistical methods when evaluating the character error rate. Figure 18 details the results of
each technique.
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Figure 18. Error rates in the Saint Gall dataset (lower is better), (a) Character Error Rate (CER); (b) Word
Error Rate (WER); (c) Sequence Error Rate (SER).

Among the evaluated datasets, Saint Gall has the longest tokens. In a way, this scenario of long
tokens and no punctuation or accentuation marks facilitate the model’s learning. On the other hand,
statistical methods presented difficulties in discerning wrong tokens (formed by small ones), causing
a false correction. Figure 19 exemplifies a sentence correction between the techniques.
When trained on the All in One, the Bluche optical model had a small improvement in recognition,
while Puigcerver and Flor worsened a little, that is, spelling correction results worsened, as the RIMES
dataset. Thus, the model proposed with Luong 1024 reached 50% corrected sentences, followed by
SymSpell (N = 2) and Similarity (N = 2) with 15% and 16%, respectively. The model with Luong 512
and Norvig (N = 3) had equivalent results, both with 12% correction. Finally, the model with Bahdanau
reaching 7%, Kaldi with 3% and the Transformer with only 2% of corrected sentences.
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Ground truth:

de initio creaturarum et ade peccatum pro quo depulsus est

Baseline

de initio creaturarumpt et ade peccatum proquo depulsus est

Kaldi:

de initio creaturarumpt et ade peccatum pro quo depulsus est

Similarity:

de initio creaturarum et ade peccatum pro depulsus est

Norvig:

de initio creaturarum et ade peccatum proud depulsus est

SymSpell:

de initio creaturarum et ade peccatum proru depulsus est

Bahdanau:

de initio creaturarum et ade peccatum pro quo depulsus est

Luong 512:

de initio creaturarum et ade peccatum pro quo depulsus est

Luong 1024:

de initio creaturarum et ade peccatum pro quo depulsus est

Transformer:

de initio creaturarumpt et ade peccatum pro quo depulsus est

Figure 19. Correction sample in the Saint Gall dataset.

6.7. Washington
The Washington dataset has the lowest data volume among previous datasets. In this scenario,
the training of the Puigcerver optical model suffers from overfitting, causing the Early Stopping in the
first epochs. Thus, we have a scenario in which recognition has a high error rate.
The proposed model with Bahdanau had the best rate of sentence correction, reaching up to 90%.
Then, the models proposed with Luong 1024 and 512, with up to 88% and 82%. The Transformer model
ranked last among neural networks, with a correction of 67%. In addition, Kaldi (N = 10) obtained
a correction rate of up to 56%, followed by SymSpell (N = 6) with 44%. Finally, Similarity (N = 2) and
Norvig (N = 3), with 39% and 37%, respectively. It is important to highlight that Kaldi also maintained
good results between the character and word levels, performing better than the Transformer model in
these last two scenarios. Figure 20 shows each technique performed on the metrics.
Baseline

18.7%
24.1%
6.9%

Baseline

45.4%
47.6%
20.7%

Baseline

100.0%
99.4%
77.8%

Similarity

16.5%
25.3%
5.3%

Norvig

32.8%
41.5%
12.2%

Norvig

94.6%
98.0%
63.1%

Norvig

15.4%
23.4%
4.5%

Similarity

29.8%
38.9%
11.6%

Similarity

90.6%
97.4%
60.7%

15.6%
Transformer 23.9%
3.6%

SymSpell

24.7%
35.5%
9.6%

SymSpell

87.0%
93.5%
55.9%

23.4%
Transformer 33.8%
6.7%

Kaldi

79.3%
91.5%
44.1%

SymSpell

12.9%
21.9%
4.3%

Kaldi

10.9%
19.3%
3.0%

Kaldi

22.0%
32.9%
7.9%

Luong 512

6.7%
19.9%
1.3%

Luong 512

10.7%
27.6%
3.4%

Luong 512

28.0%
53.5%
17.9%

Bahdanau

3.1%
10.4%
0.8%

Bahdanau

5.0%
14.1%
1.8%

Luong 1024

18.3%
27.5%
12.3%

Luong 1024

4.8%
10.3%
2.0%

Bahdanau

16.9%
28.3%
9.9%

Luong 1024
Bluche

2.9%
7.3%
0.9%
Puigcerver

(a)

Flor

Bluche

Puigcerver

(b)

66.9%
Transformer 85.1%
32.5%

Flor

Bluche

Puigcerver

Flor

(c)

Figure 20. Error rates in the Washington dataset (lower is better), (a) Character Error Rate (CER);
(b) Word Error Rate (WER); (c) Sequence Error Rate (SER).

As mentioned, the challenge in this dataset was the low volume of data. Thus, statistical methods
have a little information about the distribution of tokens, especially frequency dictionaries for unusual
terms. On the other hand, neural networks are able to deal better, since they consider larger contexts.
Figure 21 exemplifies a sentence correction between the techniques.
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Ground truth:

of the misbehaviour of the party under your command ,

Baseline

of the nisthave f the jarty ander your command ,

Kaldi:

of the nithave of the party under your command ,

Similarity:

of the have of the party under your command ,

Norvig:

of the nisthave f the party under your command ,

SymSpell:

of the have of the party under your command ,

Bahdanau:

of the misbehaviour of the party under your command ,

Luong 512:

of the misbehaviour of the party under your command ,

Luong 1024:

of the misbehaviour of the party under your command ,

Transformer:

of the misbehaviour of the party under your command ,

Figure 21. Correction sample in the Washington dataset.

When trained on the All in One, our model with Luong 1024 obtained up to 38% corrected
sentences, followed by Transformer with 31%. SymSpell (N = 6) and Kaldi (N = 10) had equivalent
correction averages, reaching up to 30% and 29%, respectively. The proposed model with Luong 512
corrected up to 28% of the sentences, while Norvig (N = 3) and Bahdanau, both with 25%. Finally,
Similarity (N = 2) reached 21% corrected sentences.
7. Discussion
The significant correction rate of our proposed models compared to the statistical approach,
about a 54% improvement, can be explained not only by the use of encoder–decoder architecture
in conjunction with the Attention mechanism, but mainly for the standardization of texts between
Handwritten Text Recognition and Spelling Correction, and also training methodology, through the
random insertion of errors. Furthermore, the more hidden units are defined in the encoder–decoder
layers, the more the network learns about the tokens and sequences of a dataset.
It is important to mention that the proposed models, and also the Transformer, have a number of
parameters that are considerably lower than the Natural Language Processing state-of-the-art (about 10
and 100 times less), such as Machine Translation and Grammatical Error Correction. This occurred
because the main goal of this work is spelling correction small datasets, aimed at HTR systems,
while state-of-the-art models have as a main goal, more complex works. In fact, the datasets used in
both scenarios exceed millions or even billions of sentences for training, which makes it possible for
the model to fully learn through the balanced distribution of tokens between partitions.
In addition for HTR systems, other aspects must also be considered in addition to the correction
rates, such as the trade-off between data volume, hidden units, computational cost, training,
and inference time. The volume of data directly influences the increase in training time, while the
hidden units increase the computational cost. These two factors can considerably increase the training
and inference time, and depending on the Attention mechanism used, they can impact the construction
and execution of a spelling correction system, for example. Table 8 details the average values of the
mentioned aspects, obtained from all correction techniques (“-” corresponds not computed).
In a way, the Luong Attention mechanism (multiplicative) is more optimized compared to
Bahdanau (concatenative), even with a slightly lower result when using the same value of hidden
units. In addition, both have a much more optimized decoding process compared to the Transformer
model. As expected, neural networks have a very long inference time compared to statistical models,
mainly the traditional method performed by Kaldi toolkit.
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Table 8. Spelling corrector average execution summary.
Technique
Kaldi
Similarity
Norvig
SymSpell
Bahdanau
Luong 512
Luong 1024
Transformer

# of Params
(Million)

GPU Memory
(GB)

Convergence
Epoch

Training Time 1
(Hours)

Inference Time 2
(Seconds/Sentence)

0.5
5.9
5.9
21.4
8.0

9.5
2.5
4.5
4.4

336
348
250
338

83
53
45
83

0.003
0.032
0.321
0.004
0.091
0.090
0.111
7.077

1

GPU mode; 2 CPU mode.

Furthermore, the All in One dataset worsens the results when applied individually to each
set. For the HTR system, the optical model deals with five types of image patterns (Bentham,
IAM, RIMES, Saint Gall, Washington), which makes it difficult to learn. The only exception scenario
was the Puigcever optical model applied to the Washington dataset, in which the recognition results
were significantly improved. The same difficulty in learning the model also happened with the Spelling
Corrector, which now has five text patterns and three languages. The exceptions were dictionary-based
techniques, especially through frequencies (SymSpell), in which the volume of data helped in the
distribution of tokens. Finally, it is also important to consider the pattern imbalance in the All in One
dataset as a way of tending the knowledge learned to a certain set, such as the RIMES over Washington.
Finally, there is a notable improvement in the application of encoder–decoder models for
applications with sentences within the field of Natural Language Processing. Our proposed models
are very competitive in this aspect and bring a new path into HTR systems. In addition, SymSpell also
proved to be a viable alternative as it offers competitive results, speed of execution, and flexibility in
frequency dictionaries, in which larger dictionaries can be easily applied. The combinations between
the techniques is also interesting, mainly among those that use sequence correction at the character
level (N–gram or neural networks), followed by the correction of tokens at the level of words in order
to refine the final text.
8. Conclusions
In this paper, we presented the offline Handwritten Text Recognition (HTR) system and its
linguistic restriction when using the decoding method through the Hidden Markov Model (HMM)
with a language model. As a proposal, we built a Spelling Correction system that acts as post-processing
to the HTR system. It enabled the experimentation of eight independent spelling correction techniques
within the field of Natural Language Processing (NLP), from statistical to neural network, including
the traditional approach of HMM with language model.
A statistical analysis was performed to validate the significance of the results. We considered all
the executions of the combinations and group them by spelling correction technique; thus, our proposed
encoder–decoder model, using 1024 hidden units and Luong Attention, had the best averages of error
rates, about 3.2% CER, 7.7% WER, and 35.3% SER, while traditional HMM with language model
reached about 6.5% CER, 19.0% WER, and 76.7% SER. This means that there were significant results in
the total of completely correct sentences, around 54% improvement, and a decrease of 3.3, 11.3, and 41.4
percentage points in the metrics, respectively.
In the future, we want to expand the linguistic model independently of the optical model,
optimizing its precision to apply the correction in very noisy sentences or even in sentences that are
missing words, due to damaged images.
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