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Abstract—This paper presents the Myanmar Optical
Character Recognition (OCR), named myOCR. It uti-
lizes a synthetic text image dataset with 14 different
font styles that contains 25,790 text images. The sys-
tem includes Convolutional Neural Networks (CNN)
for feature extraction, Bidirectional Long-Short Term
Memory (BiLSTM) networks for sequence modeling,
and Connectionist Temporal Classification (CTC) for
decoding, evaluated across various iterations (3,000,
6,000, 9,000) and hidden states (64, 128, 256). Statis-
tical Post-OCR correction methods involve N(3,4,5)-
grams and edit distances with the Symmetric Delete
Spelling correction algorithm (SymSpell). For Neural
Machine Translation-based correction, BiLSTM and
Transformer models are employed, while the mT5-
base and mBART-50 models are used for LLM-based
correction. The best base (optical) model is the model
with 9,000 iterations that achieved a CHRF++ score of
over 97.90 and a Word Error Rate (WER) of 9.18%.
Transformer correction improved its CHRF++ to 99.31
and reduced the WER to 0.66%.

Index Terms—Optical Character Recognition, Myan-
mar language, Synthetic data, Post-OCR, low-resource

I. Introduction
Optical Character Recognition (OCR) technology

makes a big impact on modern society in digitization
by converting physical manuscripts to the digital envi-
ronment, i.e., from not machine readable to machine-
readable. Extracting and analyzing information contained
in physical documents with different page layouts and
graphical information lies in the accuracy of OCR [1].

For the optical models, deep learning approaches such
as Convolutional Neural Networks (CNN) ( [2], [3], [4])
and bidirectional Recurrent Neural Network (BiRNN) [5]
improved results compared to traditional machine learn-
ing algorithms. CRNN [6], which is a CNN and RNN
variant, Long Short-term Memory (LSTM) network hy-
brid architecture [8] also shows good results for image-
based sequence recognition tasks. It was also studied
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that CRNN-based architectures could improve recognition
using connectionist temporal classification (CTC) [9].

Many scenarios and font variations challenge the recog-
nition performances of the OCR system and lead to Post-
OCR errors. Therefore, we plan to use N-gram similarity-
based correction [10] with a monolingual corpus and edit
distance-based correction using the SymSpell algorithm
[11] as statistical Post-OCR correction methods. Sequence-
to-Sequence (S2S) Neural Machine Translation (NMT)
models based on BiLSTM [12] and Transformer [13], and
Large Language Models (LLM) such as mT5 [14] and
mBART [15] were also applied for the correction of Post-
OCR errors.

II. Image Dataset Preparation
NLP researchers in Myanmar are encountering numer-

ous challenges due to the scarcity of free resources. With
no open-source dataset available for Myanmar OCR, we
generated text images using monolingual text data ren-
dering with mytext2pic.sh1 bash program.

TABLE I: myOCR IMAGE DATASET PARTITIONING
FOR THE EXPERIMENTS

Images Words Characters
Train 18,052 30,008 1,884,829
Valid 5,802 9,475 599,906
Test 1,936 15,975 201,764
Total 25,790 55,458 2,686,499

Table II shows the synthetic text images with different
fonts, generated from the text နည်းပညာကဏဍ (“Technology
sector” in English).

The monolingual text data used is a part of myPOS
corpus version 3.0 [16], which was originally intended
for Myanmar Part-Of-Speech tagging. The Myanmar text
images were generated with 14 different font styles to
mitigate data bias. Also for statistical Post-OCR cor-
rection, myPOS is used to build N-gram dictionaries.
Figure 1 describes the pie chart visualization, which shows

1https://github.com/ye-kyaw-thu/tools/blob/master/bash/mytext2pic.sh979-8-3315-0991-0/24/$31.00 ©2024 IEEE



TABLE II: SYNTHETIC IMAGES OF နည်းပညာကဏဍ (“TECHNOLOGY SECTOR” IN ENGLISH) WITH
DIFFERENT FONTS

Font Name Text Image Font Name Text Image

Burmese Handwriting Style 04 Kamjing

Myanmar Ayar3 Z01-UMoe

Z03-Press Z09-LatYaySat

Masterpiece Spring Revolution Masterpiece Uni Type

Myanmar Chatulight Myanmar Phiskel

Myanmar Sanpya Myanmar Yin Mar

NKSSmart3 Pyidaungsu

Fig. 1: Number of lines of each font used in the synthetic
text images

the number of lines of each font used in the synthetic
text images. Table I shows the dataset splitting for the
experiments.

III. Methodologies

A. Optical Models

The optical models have three main stages - feature
extraction, feature sequence modeling, and sequence de-
coding. Feature Extraction is done on an input grayscale
image by mapping the image to a feature vector focusing
on character recognition and neglecting other irrelevant
information such as color, size, and background using the
CNN model with VGG architecture [17]. The convolution
operation in the CNN model takes place by applying some
filters on the input image, where the filter values are
initialized randomly to extract the visual features of the
characters. BiLSTM is used for feature sequence modeling
[7]. The BiLSTM captures the character sequence informa-
tion from left to right and then from right to left, encoding

feature sequences. CTC is used for the sequence decoding
or prediction stage [7].

B. Post-OCR Correction
Post-OCR error correction experiments were conducted

to reduce error rates in OCR results from optical models.
We explored both statistical and neural methods, includ-
ing character-level N-gram similarity and SymSpell edit
distance approaches for detection and correction, as well as
NMT- and LLM-based S2S models for neural correction.

1) Statistical Approaches: The N-gram similarity-based
spelling correction [10] computes the similarity between a
misspelled word w and a candidate correction c based on
their N-gram representations. We used character-level N-
gram for Post-OCR correction. In character N-gram rep-
resentation, a word w is broken down into its constituent
N-grams, which are subsequences of n characters.

Symmetric Delete spelling correction (SymSpell) al-
gorithm is useful for spelling correction [23]. SymSpell
simplifies the process of generating edit candidates and
looking up the dictionary for a given Damerau-Levenshtein
distance. Instead of transpositions, replacements, and in-
sertions of the input phrase, it transforms them into dele-
tions of the dictionary term. The algorithm’s speed comes
from the low-cost delete-only edit candidate generation
and pre-calculation. In terms of computational complexity,
the SymSpell algorithm can operate in constant time (O(1)
time) due to the use of a Hash table-based index, which
typically offers an average search time complexity of O(1).

2) Neural Machine Translation Approaches: The BiL-
STM (Bidirectional Long Short-Term Memory) network
[18] was employed to capture long-range dependencies
in both directions within the OCR-generated text. This
approach benefits from processing input sequences both
forward and backward, making it well-suited for noisy and



inconsistent OCR output. The BiLSTM network learns
to map sequences of OCR text to their corrected form
by considering contextual relationships within the text,
enhancing the error detection and correction process.

The Transformer architecture [19], known for its at-
tention mechanism, addresses the limitations of recurrent
networks by focusing on all words of the input sequence
simultaneously, rather than processing them sequentially.
For OCR correction, the self-attention mechanism helps
the model focus on relevant parts of the text, identifying
patterns of errors and suggesting corrections based on
a global context. This global context-awareness makes
the Transformer particularly powerful in scenarios where
OCR errors exhibit complex patterns that are difficult to
capture with traditional sequence models.

3) LLM Approaches: LLMs excel in handling complex,
non-localized patterns. The mT5 (Multilingual T5) model
[20], based on the T5 architecture, is specifically de-
signed for multilingual tasks. mT5 leverages a pre-trained
sequence-to-sequence transformer that is fine-tuned for the
specific task of OCR correction. We used mT5-base which
is a variant of mT5. The mBART (Multilingual BART)
model [21], based on the BART architecture, is specifi-
cally designed for multilingual denoising and text gener-
ation tasks. mBART leverages a pre-trained sequence-to-
sequence transformer with a denoising autoencoder objec-
tive, making it particularly well-suited for tasks like OCR
error correction, where noisy input data is common. We
utilized the mBART-50 model, a variant fine-tuned for
multiple languages.

IV. Experiments
A. Optical Model Training

Our myOCR dataset is used to train optical models with
3,000, 6,000, and 9,000 iterations and 64, 128, and 256
hidden states respectively. Then the model performances
were tested on the open test data. We trained models
with the VGG feature extractor, both with and without
BiLSTM feature sequence modeling and CTC decoding.
For the experiments with 3,000 iterations, our models
cannot decode the extracted feature maps but we found
out that iterating 6,000 iterations and 9,000 iterations can
decode the extracted feature maps with some OCR errors.

B. OCR Error Analysis
The structure of the Myanmar language follows a hi-

erarchical formation where characters combine to form
grapheme clusters, which in turn form syllables, and these
syllables come together to create words, as illustrated in
Figure 2. We have done error analysis in the most basic
unit which is character level using the SCLITE (score
speech recognition system output) program from the NIST
scoring toolkit (Version 2.4.11) [24]. It is used to align the
OCR result hypothesis text with ground-truth text. This
program shows the recognition rate at the sequence level
and word level and also gives the confusion pairs.

Fig. 2: Grapheme Composition of Myanmar word နည်းပညာ
(“Technology” in English) in which Characters in Red,
Grapheme-cluster in Green, Syllable in Yellow, and Word
in Blue boxes

TABLE III: SAMPLES FOR EACH ERROR TYPE
RANDOMLY EXTRACTED FROM THE OPTICAL

MODEL RESULTS

Error Type Error and Ground-truth

Selection လ ◌္ု ◌ံ ဦ ြ◌ ◌္ု ◌ံ ရ ေ◌ ◌း
လ ◌္ု ◌ံ ခ ြ◌ ◌္ု ◌ံ ရ ေ◌ ◌း

Insertion က ြ◌ ည ◌့ ◌်
က ြ◌ ည ◌် ◌့

Deletion အ က ◌ိ ◌္ု ◌း မ ပ ေ◌ ◌း
အ က ◌ျ ◌ိ ◌္ု ◌း မ ပ ေ◌ ◌း

For error analysis, the SCLITE scoring method first
aligns the hypothesis and ground-truth text and then
calculates a minimum Levenshtein distance. For each type
of error type, we extracted sample error points randomly
from OCR model outputs as shown in Table III, where
the first line is OCR output and the second line is the
Ground-truth result.

TABLE IV: THE TOP 10 VISUAL ERROR
CONFUSION PAIRS FROM OCR MODELS

(CORRECT → OCR ERROR)

Frequency Confusion Pair
361 သ → လ
236 ၀ → ဝ
152 ◌ီ → ဦ
136 ဘ → တ
112 ◌ီ → ◌ိ
107 ထ → ဆ
104 ဆ → ထ
94 ဝ → ထ
85 ဈ → ◌ျ
81 ၇ → ရ

[25] explained that in Unicode systems, Myanmar
vowels are typed and stored after the consonant due to
their pronunciation but are rendered in the correct order.



For example, in Myanmar language vowel sign E ေ◌ is
typed and stored after the consonant as in ေန (Sun in
English) = န (Consonant Na) + ေ◌ (Vowel E), even though
it is rendered in front of the consonant. Apart from visual
errors as shown in Table IV, in our optical models, the
sequence decoding stage made such kind of error that
Vowel E + Consonants, mostly in the models without
feature sequence labeling.

To reduce any type of Post-OCR errors, the decoded
output text sequences from the optical models were fed
into N-gram similarity score calculation and SymSpell
algorithm for statistical and into the S2S models for the
NMT and LLM correction approaches.
C. Post-OCR Experiments

The N-gram was examined with N values of 3, 4, and 5
because of the nature of the Myanmar language. SymSpell
was used with different edit distances 2, 3, and 4. Despite
no significant differences exist, we had the best result with
character trigram (N=3) for N-gram and edit distance 4
for SymSpell approaches.

The OCR errors generated by the optical models from
inferencing on the test data were merged and segmented
into syllables using sylbreak2 then compiled into a parallel
corpus, which was then used to train the S2S models for
both NMT and LLM approaches.

For the NMT models, the maximum syllable-segmented
sequence length for both source and target sentences is
100 tokens. The batch size is set to 64 with a dropout
rate of 0.5 for BiLSTM and token-based batching batch
size 8 with a dropout rate of 0.1 and normalization for the
Transformer model. To prevent overfitting, early stopping
is set to 10 validations. For the BiLSTM-based S2S models,
the number of hidden layers is 2 with a hidden size of
256 for each model. For Transformer-based S2S models,
both the encoder and decoder have a text vector size of
128 and a hidden size of 128. Both the encoder and the
decoder comprise 4 layers each. The transformer feed-
forward dimension is 512, and attention is distributed
across 4 heads. The learning rate for the BiLSTM model
is 0.01 and for the Transformer model is 0.1 respectively.

For the LLM approach, we used mT5-base and mBART-
50. Both models have a maximum sequence length of 96
tokens. mT5-base was trained for 10 epochs with a batch
size of 4, while mBART-50 was trained for 5 epochs with
a batch size of 1. Evaluations were conducted every 1,000
steps for both models. Mixed precision training (FP16)
was enabled to handle memory limitations, with output
directories being overwritten and input data reprocessed
at each run. Checkpoints were not saved during evaluation
to optimize speed and resource usage.
D. System Configuration

The optical models were trained on a system with AMD
Ryzen 9 3900X, 12-core, 24 threads processor, NVIDIA

2https://github.com/ye-kyaw-thu/sylbreak

Quadro RTX 4000, 8 GB VRAM graphics card, and 32
GB RAM and the Post-OCR correction experiments were
conducted on a server equipped with an Intel Core i9-
14900KF processor (64-bit, 5701 MHz), 64 GB of system
memory, and an NVIDIA RTX A6000 GPU featuring 48
GB of GDDR6 VRAM and a power consumption of 300W.

Pytorch3 was used to train the optical models. N-gram
correction was implemented using ngram4 python library.
We used the official implementation of SymSpell5 algo-
rithm for SymSpell error correction. OpenNMT6 frame-
work was used to train Post-OCR NMT models and
the simpletransformers7 library was used to fine-tune the
LLMs. We used Jiwer8 for calculating Word Error Rate
(WER) and CHRF++ tool [22] for Character N-gram F-
score (CHRF++).
E. Evaluation

1) Word Error Rate (WER): Word Error Rate (WER)
is the percentage of words, which are to be inserted,
deleted, or substituted to convert the hypothesis-predicted
text of the source to its actual (ground-truth) text. WER
can be computed using WER = (I+D+S)×100

N where I,
D, S, and C refer to the number of insertions, deletions,
substitutions, and correct words respectively. N refers to
the number of words in the reference translation (target),
which can be calculated as N = S +D + C.

2) Character N-gram F-score (CHRF++): CHRF++ has
calculated the F-score of the predicted output text se-
quence with respect to the reference sequence (target)
based on character N-gram. The general formula for cal-
culating the CHRF++ score = (1 + β2)( chrp.chrr

β.chrp+chrr ) where
chrp and chrr stand for character N-gram precision and
recall arithmetically averaged over all N-grams.
F. Experimental Results

Table V and VI show the evaluation results for our
base model (optical only, without Post-OCR correction),
and models with Post-OCR processing. Base in the Table
V and VI means optical models without any Post-OCR
correction and N/A means there was no pre-trained optical
model. Bolded results are the best from comparisons in
each column for each optical model type (None, +BiL-
STM). Speaking about evaluation, it has been found that
training with more iterations and more hidden states can
improve the model performance of the optical models.

1) Statistical Post-OCR correction: Statistical Post-
OCR correction with both N-gram and SymSpell can
reduce WER. With feature sequence modeling included,
WER were reduced nearly fivefold. N-gram Post-OCR
correction is slightly better than the SymSpell algorithm
mostly.

3https://pytorch.org/
4https://pypi.org/project/ngram/
5https://github.com/wolfgarbe/SymSpell
6https://opennmt.net/OpenNMT-py
7https://simpletransformers.ai/
8https://pypi.org/project/jiwer/



TABLE V: WORD ERROR RATE (WER) SCORES FOR EACH MODEL. THE LOWER THE WER, THE
BETTER THE MODEL IS.

Iteration 3,000 6,000 9,000
Hidden State 64 128 256 64 128 256 64 128 256

None

Base N/A N/A N/A 30.20 23.92 35.47 23.46 18.94 19.15
+N-gram N/A N/A N/A 14.65 10.03 17.25 9.42 7.16 7.40

+SymSpell N/A N/A N/A 13.98 9.81 15.95 9.49 7.53 7.65
+BiLSTM-S2S N/A N/A N/A 15.07 10.83 19.60 10.20 7.54 7.54

+Transformer-S2S N/A N/A N/A 9.89 6.37 12.95 6.12 3.57 3.24
+mT5-base N/A N/A N/A 32.19 30.98 33.60 30.74 30.09 30.57

+mBART-50 N/A N/A N/A 11.24 11.01 11.69 10.94 10.57 10.63

+BiLSTM

Base 15.87 17.32 12.30 10.74 11.05 9.69 10.04 10.11 9.18
+N-gram 5.25 6.43 2.98 2.33 2.58 1.79 1.98 1.99 1.59

+SymSpell 5.26 6.06 3.17 2.40 2.54 1.83 2.04 1.99 1.53
+BiLSTM-S2S 7.05 6.56 5.31 4.58 4.27 3.83 4.10 4.05 3.71

+Transformer-S2S 3.65 3.35 1.69 1.32 1.36 0.83 1.05 1.00 0.66
+mT5-base 30.41 30.68 29.73 29.56 29.75 29.51 29.69 29.61 29.54

+mBART-50 10.73 10.87 10.64 10.54 10.61 10.62 10.60 10.61 10.64

TABLE VI: CHARACTER N-GRAM F-SCORES (CHRF++) FOR EACH MODEL. THE HIGHER THE CHRF++

VALUE, THE BETTER THE MODEL IS.

Iteration 3,000 6,000 9,000
Hidden State 64 128 256 64 128 256 64 128 256

None

Base N/A N/A N/A 80.54 86.17 75.09 86.76 90.32 89.86
+N-gram N/A N/A N/A 88.03 92.19 84.98 92.39 94.66 94.24

+SymSpell N/A N/A N/A 88.84 92.22 86.36 92.26 94.28 93.99
+BiLSTM-S2S N/A N/A N/A 83.56 87.84 79.30 88.69 91.34 90.98

+Transformer-S2S N/A N/A N/A 90.84 94.15 87.93 94.45 96.89 96.85
+mT5-base N/A N/A N/A 70.46 71.48 69.48 71.33 71.89 71.53

+mBART-50 N/A N/A N/A 89.23 89.50 88.89 89.52 89.81 89.76

+BiLSTM

Base 91.81 91.25 95.26 96.55 96.14 97.53 97.21 97.05 97.90
+N-gram 95.31 94.32 97.36 97.91 97.63 98.40 98.24 98.19 98.54

+SymSpell 95.20 94.82 97.32 97.85 97.71 98.37 98.17 98.19 98.31
+BiLSTM-S2S 91.14 91.49 93.18 93.98 93.96 94.52 94.26 94.25 94.58

+Transformer-S2S 96.10 96.56 98.25 98.81 98.58 99.07 98.94 99.00 99.31
+mT5-base 71.43 71.44 72.19 72.15 72.05 72.19 71.97 72.04 72.11

+mBART-50 89.65 89.51 89.79 89.82 89.77 89.77 89.80 89.82 89.80

2) Neural Machine Translation (NMT) Post-OCR cor-
rection: NMT-based approaches, including BiLSTM-S2S
and Transformer-S2S, have shown promising results in
reducing WER in Post-OCR correction tasks. BiLSTM-
S2S, while effective, provides moderate improvements over
base (optical) models. Transformer-S2S, however, consis-
tently outperforms other methods, significantly lowering
the WER. These methods leverage the power of sequence-
to-sequence learning, where the model captures context
and structural dependencies better than statistical models.

3) Large Language Model (LLM) Post-OCR correction:
Large language models like mT5 and mBART have been
applied to Post-OCR correction but underperform com-
pared to Transformer-S2S. mT5 struggles with WER re-
ductions, likely due to its broad generalization, which can
lead to translation or substitution of words rather than
domain-specific corrections. mBART-50 shows modest im-

provements in lower optical model iterations (3,000) but
struggles in higher iterations (6,000 and 9,000) where fewer
OCR errors exist, likely due to its tendency to generalize.

Based on the evaluated results, we also found out that
with Post-OCR correction models, we can reduce our
model complexity by reducing training iterations and hid-
den states. The performance differences between different
hidden states are only around 1 to 2 points for all evalua-
tion scores when the models were trained with iterations
6,000 and 9,000. According to the experimental results,
Transformer-S2S demonstrates substantial improvements
with the least WER, 0.66 for the optical model with
feature sequence modeling and gained CHRF++ value of
99.31. Experimental results show that while LLMs can be
applied to Post-OCR correction, it does not perform as
efficiently as other specialized neural approaches.



V. Conclusion and Future Work
We evaluated deep OCR models across iterations (3,000,

6,000, 9,000) and hidden states (64, 128, 256), incorpo-
rating Post-OCR correction from statistical, NMT, and
LLM approaches. Error analysis of the optical models
revealed that the CTC decoding stage follows visual rather
than writing order. Notably, Post-OCR correction signif-
icantly enhanced the performance of base optical models,
with Transformer-S2S consistently outperforming all other
approaches, especially in handling minimal OCR errors
across different model iterations.

Looking ahead, we aim to test our models on man-
ually annotated text image datasets with greater real-
world variability and explore neural correction methods
to address new error types. We will also investigate by
tuning the hyperparameter such as maximum length,
epoch, etc., and the additional LLMs tailored to the
Myanmar language’s unique characteristics. Additionally,
we plan to publicly release the dataset, along with the best
OCR models and Post-OCR correction configurations, to
support further research and development in the low-
resource Myanmar language community (https://github.
com/ye-kyaw-thu/myOCR).
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