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Abstract

This paper explores the state-of-the-art meth-
ods for Khmer Optical Character Recognition
(OCR), highlighting the challenges and opportu-
nities in recognizing this complex script. While
OCR systems have shown great success in lan-
guages like English, the Khmer script presents
unique difficulties due to its complex structures,
lack of word boundaries, and variety of shapes
and sizes in characters. In this work, we evaluate
three prominent text recognition models: Trans
+ ResNet + BiLSTM + Attention (TRBA), Con-
volutional Recurrent Neural Network (CRNN),
and Tesseract OCR. A comparative analysis was
conducted using a dataset consisting of 284,098
word images, split into training, validation, and
testing sets. We assess the performance of each
model using Character Error Rate (CER) and
Word Error Rate (WER). The results show that
the TRBA model achieves the highest accuracy,
outperforming CRNN and Tesseract OCR. We
also present future directions to further enhance
Khmer OCR systems using deep learning tech-
niques.

Keywords: Khmer OCR, Optical Character
Recognition, Khmer Deep Learning

1 Introduction

Optical Character Recognition (OCR) is a tech-
nology that converts images of handwritten or
printed text into a digital format that computers
can understand and process. This process allows
scanned documents, photos of text, or any text-
based images to be converted into editable and
searchable text files, making it easier to store, re-
trieve, and work with the information [1]. OCR
systems are widely used across various applica-
tions. For example, when given an image of a
book or newspaper, an OCR system can automat-
ically read and convert the text into a sequence
of ASCII or Unicode characters. These charac-

ters can then be utilized for different tasks, such
as searching, highlighting, annotating, or trans-
lating the text. Furthermore, OCR technology is
used in many different areas, both in government
and private organizations. For example, the im-
migration department uses OCR to quickly and
accurately recognize passports, making the iden-
tification process faster and more secure. City
Traffic Police also use OCR to automatically rec-
ognize vehicle number plates, helping to manage
traffic and monitor vehicles more effectively. In
the private sector, OCR is valuable in banking
for processing checks, in healthcare for digitiz-
ing patient records, and in retail for automating
invoice processing. This makes OCR a versatile
tool that simplifies tasks and improves accuracy
across many fields [2].

In recent years, advances in artificial intelli-
gence (AI) have accelerated research in the OCR
field, leading to the development of significantly
more accurate OCR technology. While OCR has
been highly effective for English and other high-
resource languages, with development spanning
over eight decades, the early work on OCR for
the Khmer language only began around 2005 [3].
Khmer is the official language of Cambodia and
is spoken by around 16 million people. It uses
its own alphabet and writing system. In Khmer,
words are made up of syllables that combine
consonants and vowels. The Khmer alphabet
has 33 consonants. This writing system is spe-
cial and reflects the unique language of Cambo-
dia. Khmer scripts are more complex than Latin-
based writing systems. This is because Khmer
has unique features in its layout. Despite its
significance, Khmer OCR systems face unique
challenges due to the complex script and linguis-
tic characteristics of the language, as shown in
Figure 1. The Khmer writing system is intricate,
with consonant clusters being one of the primary
features that complicate OCR tasks. One or two
consonants can be stacked below an initial con-



Figure 1. An example of a complex Khmer
word that combines all parts, including conso-
nant (black), vowel (green), subscript (orange),
and diacritics (purple)

sonant in a form known as ”Coeng” (meaning
foot in English), creating a consonant cluster [3].
These stacked consonants modify the base con-
sonant, creating new sounds, which OCR sys-
tems must correctly identify and interpret. In
addition to consonant stacking, Khmer writing
makes use of diacritical marks (diacritics) that
are placed above consonants. These diacritics
alter the sound of the consonant or vowel and
are a critical aspect of correct text interpreta-
tion. Moreover, Khmer employs dependent vow-
els, which cannot stand alone. These vowels
must always be attached to a consonant and are
placed in various positions relative to the conso-
nant—on the left, right, above, below, or even
surrounding the base consonant. This positional
flexibility further increases the complexity for
OCR systems, as they need to accurately capture
the entire combination of consonant, diacritic,
and vowel placement.

Additionally, Khmer script is written without
spaces between words, making it difficult for
OCR systems to segment text accurately. The
lack of clear word boundaries adds to the chal-
lenge of identifying where words begin and end,
requiring the system to rely on language rules
and character patterns. Because of these unique
features, Khmer script requires a much more
complex rendering layout compared to Latin-
based writing systems. Our study not only ex-
plores these existing solutions but also involves
pre-training on available datasets to improve the
accuracy and performance of Khmer OCR sys-
tems.

2 Related Works

2.1 Khmer Text Recognition
In the early development of Khmer OCR, [4]
proposed a method to extract information from
images and create templates for characters us-

Figure 2. Khmer Characters

ing wavelet analysis. This technique involves
extracting data from an image and comparing it
with all training templates. According to the au-
thors, their method achieved accuracy rates of
92.85%, 91.66%, and 89.27% for 22-point, 18-
point, and 12-point fonts, respectively.

Regarding to [5] The research implemented
an SVM-based classification system for Khmer
characters, utilizing three different SVM ker-
nels—Gaussian, Polynomial, and Linear—on
training and recognition tasks to identify the
most effective kernel for the Khmer language.
This approach enabled the use of a small train-
ing dataset by dividing character training into
smaller segments rather than processing large
clusters. The classification process employed bi-
nary data, with 0 representing white space and
1 representing the character’s black pixel area.
Each segment was reshaped into a matrix of
binary data across various image sizes, from
which features were extracted for SVM classi-
fication. Post-recognition, certain rules were ap-
plied to combine clusters or characters, includ-
ing character-level analysis and common mis-
take corrections. Experiments on approximately
750 pure Khmer words (around 3,000 charac-
ters) demonstrated that the SVM method with
the Gaussian Kernel delivered superior perfor-
mance compared to the other kernels. The sys-
tem trained on a single font, ”Khmer OS Con-
tent” at 32pt, and achieved recognition accuracy
rates about 98% for various font sizes. The sys-
tem’s effectiveness depended on the character
segmentation process, which utilized edge detec-
tion. As a result, the proposed OCR system was
not well-suited for handling noisy text-line im-



ages.
The Khmer Character Recognition system in-

corporates two artificial neural network tech-
niques: a self-organizing map and a multilayer
perceptron with a backpropagation algorithm, as
described by [6]. The system was trained on a
predefined dataset consisting of five font sets,
each containing 33 characters and 10 numer-
als. The training process involved two phases:
first, using a self-organizing map network, fol-
lowed by a second phase with a multilayer per-
ceptron network. This approach reduced com-
plexity and accelerated character recognition,
as preclassification directed specific modules of
the multilayer perceptron classifiers. The sys-
tem achieved an average recognition accuracy of
65% on the trained dataset, while the accuracy
on untrained datasets dropped to approximately
30% due to noise.

The training system utilizing the HTK Toolkit
is demonstrated by [7], the authors focused
specifically on the Limon S1 Khmer font at size
22 because it is commonly used in Khmer doc-
uments. Their OCR system involves four steps.
The first step is pre-processing, which includes
line separation. In the second step, character
blocks are segmented into atomic shapes such as
Main Body, SuperScript, SubScript, CCDown,
and Complex Characters (CC). The third step in-
volves recognition, where segmented shapes are
sent to a recognizer that assigns an ID to each
shape. The final step is mapping, which converts
the ID into an ASCII code using a code file that
lists unique IDs and their corresponding ASCII
codes. The system achieved an average recog-
nition rate of 96.34% for all shapes. Its perfor-
mance depended on character separation, which
used vertical white space as a delimiter.

Convolutional Neural Networks (CNNs) were
introduced by [8], with the aim to develop a
recognition system for Khmer handwritten. This
study includes six sets of handwriting samples,
each containing 33 consonants (root radicals)
and 17 vowels, totaling 561 syllables. The use
of CNNs led to a recognition rate of 94.85% for
Khmer handwriting. However, the experiments
conducted so far are limited to Khmer conso-
nants, with further work needed on vowels, nu-
merals, and other symbols.

An end-to-end deep convolutional recurrent
neural network solution for Khmer optical char-
acter recognition has been proposed by [3],

this research employs a sequence-to-sequence
(Seq2Seq) architecture with an attention mech-
anism. The encoder extracts visual features
from input text-line images using layers of con-
volutional blocks and a gated recurrent unit
(GRU) layer. The Seq2Seq Khmer OCR net-
work is trained on a large dataset of computer-
generated text-line images featuring multiple
common Khmer fonts, with complex data aug-
mentation applied to both the training and val-
idation datasets. The proposed model signifi-
cantly outperforms the state-of-the-art Tesseract
OCR engine for the Khmer language, achieving
a character error rate (CER) of 0.7% compared
to Tesseract’s 35.9% on a validation set of 6,400
augmented images.

Regarding to [9], conducted a baseline exper-
iment on isolated character recognition using a
multilayer convolutional neural network. They
introduced the SleukRith Set, the first dataset
comprised of digital images of Khmer palm
leaf manuscripts, gathered both from their own
digitization efforts and existing digital content
from various sources. The dataset includes 657
manuscript pages, and a tool was developed to
annotate these pages, resulting in three types
of data: an isolated character dataset, an anno-
tated word dataset, and line segmentation ground
truth. The authors reported that the network
achieved an error rate of 6.04%, indicating that
there is still potential for improvement.

The Convolutional Transformer-based
text recognition method tailored for low-
resource non-Latin scripts, utilizing local
two-dimensional (2D) feature maps was in-
troduced by [10]. This method can process
images of arbitrarily long text lines, common in
non-Latin writing systems without explicit word
boundaries, without the need to resize them to a
fixed size, thanks to an enhanced image chunk-
ing and merging strategy. The research was
conducted on synthetically generated datasets,
including 1.5 million textline images with plain
white backgrounds for document OCR training
and 1.3 million randomly augmented images
for synthetic scene text training. The study
highlights that across all evaluated scripts, the
proposed 2D models consistently outperformed
baseline models like Tesseract OCR, CRNN,
TRBC, and TRBA, achieving lower character
error rates (CERs) compared to the 1D models.



3 Proposed Method

In this section, we review and suggest a deep
learning architecture that has shown strong per-
formance for Khmer Optical Character Recog-
nition (OCR). This model integrates ResNet for
feature extraction, BiLSTM for sequence mod-
eling, and an Attention Mechanism for refining
predictions. It addresses the unique challenges
of Khmer OCR, such as the lack of word bound-
aries, complex syllabic structures, and variability
in character shapes and sizes. However, We did
not apply Transformation to normalize the in-
put text images in this work, as our dataset con-
sists of printed text that is already clean.

3.1 Key Components of the Model

3.1.1. Feature Extraction Stage: The model
uses ResNet, a Convolutional Neural Network
(CNN) architecture known for its residual con-
nections, to extract key visual features from the
input images. ResNet is highly effective in learn-
ing complex patterns such as edges and curves,
which is crucial for distinguishing between visu-
ally similar Khmer characters.
3.1.2. Sequence Modeling Stage: The model
incorporates Bidirectional Long Short-Term
Memory (BiLSTM) networks to capture se-
quential dependencies in text. This is essential
for Khmer OCR, where the meaning of a charac-
ter often depends on its position within a word.
BiLSTM allows the model to understand the full
context of each character in a sequence.
3.1.3. Prediction Stage with Attention Mech-
anism: To further refine predictions, an Atten-
tion Mechanism is used to focus on the most
relevant parts of the text image during recogni-
tion.

3.2 The TRBA Model

The reviewed architecture, TRBA demonstrates
strong performance by combining:

• Trans for standardized, or ”normalized,” to
ensure consistency in shape and size, as the
input images often vary. To handle this, we
applied the thin-plate spline (TPS) transfor-
mation, a method that adjusts the image to
a uniform shape.

• ResNet for robust feature extraction from
Khmer characters.

Figure 3. The Kaggle dataset sample is cropped
at the word level.

• BiLSTM to model the sequence of charac-
ters, capturing dependencies in both direc-
tions.

• Attention Mechanism to focus on critical
regions of the image, especially in visually
complex areas.

3.3 Training Strategy
The model was trained on the Khmer Dataset
for Word Spotting, consisting of over 284,098
word images, split into training, validation, and
testing sets (80%, 10%, 10%).

3.4 Model Comparison
In our evaluation, the TRBA model outper-
formed two other models:

• Convolutional Recurrent Neural Net-
work (CRNN): A commonly used baseline
model for OCR tasks.

• Tesseract OCR: An open-source OCR en-
gine.

The TRBA model achieved the best results in
terms of Character Error Rate (CER) and
Word Error Rate (WER), demonstrating its ef-
fectiveness for Khmer OCR compared to CRNN
and Tesseract OCR.

4 Experiments and Analysis

For training and evaluating the model, we em-
ployed the Khmer Dataset for Word Spotting,
which is available on Kaggle 1. This dataset con-
sists of Khmer printed documents with sentence-
based images, and includes word-level labels in
a corresponding XML file. It contains a to-
tal of 3,376 sentence images, which equates to

1https://www.kaggle.com/datasets/
keatchakravuth/khmer-annotation/data



284,098 individual word images as shown in fig-
ure 3. The dataset was divided into three cate-
gories: training, validation, and testing sets, as
detailed in Table 1.

Table 1. Sample Dataset.
Word Level Number of Image

Training 227,838
Validation 28,130

Testing 28,130

To evaluate how well deep learning techniques
can identify text from images, we use two key
metrics: Character Error Rate (CER) and Word
Error Rate (WER). A lower score in these met-
rics means the technique is more effective, while
a higher score indicates less accuracy. We use
CER and WER because they are widely accepted
and commonly used in OCR and speech recog-
nition. These measures are popular because they
provide a clear and straightforward way to evalu-
ate how well a system recognizes text. By using
CER and WER, we can easily compare the per-
formance of different systems and see how accu-
rate they are [11] [12].These metrics are built on
the Levenshtein distance [13], which calculates
how similar two strings are. They are defined as
follows:

CER is calculated by dividing the Levenshtein
distance between the actual and predicted char-
acters by the maximum length of the actual and
predicted character sequences. For an image I,
let G(C, I) represent the ground truth characters
and P(C, I) represent the predicted characters.
Lev(G, P) is the Levenshtein distance between
G(C, I) and P(C, I) [12]. The formula for CERI

is given by:

CERI =
LEV(C,I)

max(|G(C,I)|, |P(C,I)|)

A testing set S comprising N text-line or word
images is used, and the CERM is defined as fol-
lows:

CERM =
1

N

n∑
I=0

CERI

WER is the ratio between the Levenshtein dis-
tance of the actual and predicted words and the
length of the longer word excerpt. For an input
image, G(W, I) represents the actual text, P(W,

I) represents the predicted text, and Lev(G, P)
is the Levenshtein distance between them. The
WER for the image is calculated as follows:

WERI =
LEV (W, I)

max(|G(W, I)|, |P (W, I)|)

A set S is used for testing, containing N text-
line or word images. The WERM is defined as
follows:

WERM =
1

N

n∑
I=0

WERI

4.1 Experimental Setup
For our experiment, we used the deep text recog-
nition benchmark introduced by [14]. This
benchmark breaks down the text recognition
process into four key stages, which are com-
mon across many Scene Text Recognition (STR)
models. These stages are as follows:

1. Transformation stage (Trans.): In this
stage, the images are standardized, or ”normal-
ized,” to ensure consistency in shape and size, as
the input images often vary. To handle this, we
applied the thin-plate spline (TPS) transforma-
tion, a method that adjusts the image to a uni-
form shape. TPS is a variant of the spatial trans-
former network (STN) [15], known for its flexi-
bility in managing text lines with different aspect
ratios. By using this transformation, we reduce
the complexity caused by different image shapes,
making it easier for the model to process.

2. Feature extraction stage (Feat.): This
is the stage where the model extracts key fea-
tures from the input image, focusing on what
is important for recognizing the text. During
this process, irrelevant details like font style,
color, size, and background are ignored. To
achieve this, we used ResNet, a convolutional
neural network (CNN) that includes ”residual
connections.” These connections help with train-
ing deeper neural networks, making it easier to
extract detailed and meaningful features from the
image.

3. Sequence modeling stage (Seq.): In this
stage, the model captures the relationships be-
tween characters in a sequence. This means it
looks at the context, so each character is recog-
nized based not just on its appearance, but also
based on the characters around it. This helps
make the recognition of each character more ac-
curate, especially when the characters are part of



a sequence, like in words or sentences. Instead
of recognizing characters in isolation, this step
allows the model to consider the overall struc-
ture of the text.

4. Prediction stage (Pred.): The final stage is
where the model predicts the sequence of char-
acters. Based on the features extracted earlier,
the model generates the final output, which is the
recognized text. This stage turns the abstract fea-
tures of the image into a readable string of char-
acters that represents the text within the image.

Experiments are performed using two state-
of-the-art deep learning techniques and gooogle
tesseract OCR.

For the experiment, three models were used:
TRBA, CRNN, and Tesseract OCR. The dataset
consisted of 284,098 word images, which were
randomly split into three parts. Specifically, 80%
of the images were used for training the mod-
els, 10% were set aside for validation, and the
remaining 10% were used for testing.

After performing a comparative analysis of
the results, it was found that the TRBA model
achieved the best performance, with the lowest
Character Error Rate (CER) and Word Error Rate
(WER). The TRBA model recorded a CER of
0.0007 and a WER of 0.0029, indicating highly
accurate text recognition.

Next, the CRNN model also showed strong re-
sults, though slightly less accurate than TRBA. It
achieved a CER of 0.0010 and a WER of 0.0044,
which is still competitive.

Finally, Tesseract OCR, an open-source opti-
cal character recognition engine, performed less
effectively in comparison to the deep learning
models. It recorded a CER of 0.2082 and a WER
of 0.4155, which were significantly higher than
both the TRBA and CRNN models.

In summary, the TRBA model had the best
performance, followed closely by CRNN, while
Tesseract OCR showed the lowest accuracy in
both CER and WER metrics.

Table 2. The comparative model for word level
results

Technique Average CER Average WER
Tesseract OCR 0.2082 0.4155

CRNN 0.0010 0.0044
TRBA 0.0007 0.0029

5 Discussions and Future Works

The results from our experimentation highlight
several key findings. TRBA model demonstrated
superior performance in both Character Error
Rate (CER) and Word Error Rate (WER) met-
rics, significantly outperforming both the CRNN
model and Tesseract OCR. This indicates that
deep learning models, particularly those using
attention mechanisms, are highly effective at rec-
ognizing Khmer script, which has complex and
unique character structures. The CRNN model
also performed well, though not as accurately as
TRBA, while Tesseract OCR struggled to handle
the intricacies of the Khmer script, resulting in
much higher error rates.

Despite these successes, there are still chal-
lenges that remain. First, while the TRBA model
achieved low CER and WER scores, its per-
formance may still be improved by training on
larger, more diverse datasets that include hand-
written and historical documents, in addition to
printed text. Furthermore, exploring more so-
phisticated data augmentation techniques could
help the models generalize better to unseen data,
such as noisy images or images with various
fonts and styles.

In conclusion, while the results from our ex-
periments are promising, there is still room for
improvement in Khmer OCR systems. By in-
corporating advanced neural architectures, ex-
panding training datasets, and applying modern
deep learning techniques such as transformers
and transfer learning, we believe the accuracy of
Khmer OCR can be further enhanced, paving the
way for its broader application in government,
education, and other industries.
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