N
N

N

HAL

open science

Evaluating the Impact of Khmer Font Types on Text
Recognition

Vannkinh Nom, Souhail Bakkali, Muhammad Muzzamil Lugman, Mickaél

Coustaty, Jean-Marc Ogier

» To cite this version:

Vannkinh Nom, Souhail Bakkali, Muhammad Muzzamil Lugman, Mickaél Coustaty, Jean-Marc Ogier. Evalu-
ating the Impact of Khmer Font Types on Text Recognition. The ASEAN Conference on Emerging Technolo-

gies, Nov 2024, Phnom Penh, Cambodia. <hal-05188567)

HAL Id: hal-05188567
https://hal.science/hal-05188567v1

Submitted on 27 Jul 2025

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documents may come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaire HAL, est des-
tinée au dépot et a la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
francais ou étrangers, des laboratoires publics ou
privés.

Au‘to':'lizition
HAL Authorization


https://hal.science/hal-05188567v1
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr

Evaluating the Impact of Khmer Font Types on Text Recognition

Vannkinh Nom'*

Souhail Bakkali'
Mickaél Coustaty'

Muhammad Muzzamil Lugman’
Jean-Marc Ogier'

fLa Rochelle University, Laboratoire Informatique Image Interaction (L3i)
*Cambodia Academy of Digital Technology (CADT)
{vannkinh .nom, souhail.bakkali, muhammad muzzamil.luqman,

mickael.coustaty,

Abstract

Text recognition is significantly influenced by
font types, especially for complex scripts like
Khmer. The variety of Khmer fonts, each with its
unique character structure, presents challenges
for optical character recognition (OCR) systems.
In this study, we evaluate the impact of 19 ran-
domly selected Khmer font types on text recog-
nition accuracy using Pytesseract. The fonts
include Angkor, Battambang, Bayon, Bokor,
Chenla, Dangrek, Freehand, Kh Kompong Chh-
nang, Kh SN Kampongsom, Khmer, Khmer
CN Stueng Songke, Khmer Savuth Pen, Metal,
Moul, Odor MeanChey, Preah Vihear, Siemreap,
Sithi Manuss, and iSeth First. Our comparison
of OCR performance across these fonts reveals
that Khmer, Odor MeanChey, Siemreap, Sithi
Manuss, and Battambang achieve high accuracy,
while iSeth First, Bayon, and Dangrek perform
poorly. This study underscores the critical im-
portance of font selection in optimizing Khmer
text recognition and provides valuable insights
for developing more robust OCR systems.

Keywords: Text Recognition, Khmer Script,
Pytesseract

1 Introduction

Text recognition technology has revolutionized
the way we interact with written content, en-
abling machines to understand and process tex-
tual information from various sources. How-
ever, the accuracy of Optical Character Recogni-
tion (OCR) systems can vary significantly based
on several factors, including the font types used
in the text. This variability is particularly pro-
nounced in scripts with rich typographic diver-
sity, such as the Khmer script. The Khmer lan-
guage, spoken by the majority of Cambodians,
features a horizontal writing system that pro-

jean-marc.ogier}@univ-1lr.fr

chha tho ro vo
i i
iSeth First || iSeth First | Angkor

16

|Angkor‘ | Bokor | ’ Moul |

iSeth First

Figure 1. Examples of how characters can be
displayed: In the first row, the characters are dis-
tinct but may appear similar due to being in the
same font. In the second row, the same character
is shown in different shapes across various font

types.

gresses from left to right and downwards [1].
The script encompasses a broad range of font
styles, each with distinct characteristics and vi-
sual elements, which can introduce unique chal-
lenges for OCR systems. Depending on the vari-
ous Khmer fonts, some groups of characters may
appear similar in shape but are actually distinct,
while others may look different depending on the
style and font type.

In addition to font variability, the complex-
ity of Khmer script itself presents challenges
for OCR accuracy. The script includes 33 con-
sonants, 16 dependent vowels, 14 independent
vowels, and 13 diacritics [2]. According to
the Guinness World Records, Khmer script holds
the record for the longest alphabet, consisting
of 74 distinct characters [3]. Unlike Latin



scripts, Khmer words are constructed in a unique
manner. Consonants can take different shapes
based on their position within a word, featuring
both primary and secondary consonants. Fur-
thermore, consonants can merge into new forms,
known as subscripts or low consonants, which
appear below the main consonant [4]. These
complexities in character formation, along with
the diversity of fonts, make Khmer script par-
ticularly challenging for OCR systems to pro-
cess accurately. Figure 1 illustrates the com-
plexity of Khmer script by highlighting exam-
ples of characters that, while visually similar,
represent entirely different characters depending
on the font style. It also shows characters with
similar shapes but distinct meanings, even when
they are in the same font. As Khmer text recog-
nition becomes increasingly vital in digital appli-
cations, understanding how different font types
and the script’s inherent complexity affect recog-
nition accuracy is crucial for optimizing OCR
performance.

Our research involves a comprehensive analy-
sis of 19 Khmer font types, encompassing vari-
ous writing styles. Each font is evaluated for its
impact on text recognition accuracy, measured
by the character error rate (CER) and word error
rate (WER). This analysis identifies which fonts
are most easily and most challenging to recog-
nize using Pytesseract when processing Khmer
script. The findings are intended to guide the se-
lection of optimal fonts for text recognition ap-
plications and to contribute to the broader field
of OCR research by addressing the specific chal-
lenges posed by Khmer font diversity and script
complexity. As OCR technology continues to
evolve, understanding the nuances of font im-
pact and script intricacies on recognition accu-
racy will be essential for advancing text recog-
nition systems in multilingual and diverse script
environments.

2 Related Work

Optical Character Recognition (OCR) is a
widely researched field with extensive academic
and practical interest, particularly for its role in
automating text extraction from various sources.
Pytesseract, a popular Python tool, has been
widely applied in this domain, serving diverse
purposes. A recent study [5] proposes lever-
aging Pytesseract, an OCR tool, in conjunction
with classification techniques to enhance the ac-

curacy and efficiency of text extraction. By inte-
grating Pytesseract with classification methods,
the research aims to improve the automatic ex-
traction of specific information from paper doc-
uments, potentially reducing or even eliminating
the need for costly data entry work. The study
conducted by [6] suggests utilizing Pytesser-
act for recognizing handwritten text, preceded
by a three-step preprocessing procedure. First,
the images are converted to grayscale to min-
imize contrast. Next, Gaussian blur is applied
to reduce noise and enhance the image. Lastly,
thresholding is implemented to convert the im-
age into a binary format, improving the sepa-
ration between the text and the background for
clearer recognition. The research by [7] utilized
the Pytesseract-OCR engine to recognize charac-
ters in Ancient Kannada texts, leveraging it for
optical character recognition (OCR) purposes.
This engine, a Python wrapper for the Tesseract
OCR tool, is capable of reading text from im-
ages. The researchers improved image quality
through binarization, followed by segmentation
using the blob technique. They then used re-
gional zoning to achieve character-level segmen-
tation. The research carried out by [8] proposed
combining the Efficient and Accurate Scene Text
Detector (EAST) with Pytesseract for detecting
and recognizing text in natural scenes. EAST
is used to pinpoint areas within images that are
most likely to contain text, while Pytesseract ex-
tracts and analyzes this text. Additionally, [9]
developed a License Plate Recognition System
using Python, OpenCYV, and Pytesseract, achiev-
ing reliable results even in challenging environ-
ments. The process begins by converting the
vehicle images to grayscale, detecting closed
shapes that could represent characters on the li-
cense plates, and then applying OCR to extract
the text from the grayscale images.

Given the robust capabilities of Pytesseract,
we have chosen to utilize this tool in our research
on text recognition across various Khmer script
font types to evaluate how different fonts impact
text recognition accuracy.

3 Dataset

Khmer text recognition presents unique chal-
lenges due to the vast number of font varia-
tions that exist within the script. Each font style
brings its own structural characteristics, mak-
ing the process of accurate recognition more



Table 1. Examples of different types of Khmer
fonts display various styles.
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complex. To tackle this issue, we propose cre-
ating a synthetic dataset composed of black-
and-white images that feature a wide variety of
Khmer fonts. This synthetic dataset is designed
to capture the diverse visual representations of
the Khmer script, providing a robust founda-
tion for improving text recognition algorithms.

In our study, we carefully selected 19 different
Khmer font types, ensuring a broad representa-
tion of popular and traditional fonts. These fonts
include Angkor, Battambang, Bayon, Bokor,
Chenla, Dangrek, Freehand, Kh Kompong Chh-
nang, Kh SN Kampongsom, Khmer, Khmer
CN Stueng Songke, Khmer Savuth Pen, Metal,
Moul, Odor MeanChey, Preah Vihear, Siem-
reap, Sithi Manuss, and iSeth First. The selec-
tion of these fonts was intended to encompass
both modern and classic styles, as well as those
used in formal and informal contexts, to create
a dataset that reflects real-world usage of Khmer
text. For each image in the dataset, we generated
around 100 words using these font types. In ad-
dition to the image, we provide an accompany-
ing XML file that contains detailed information
about the text present in the image and the corre-
sponding font type. This pairing of images and
XML metadata allows for a more comprehensive
analysis of the font’s impact on text recognition,
making it easier to correlate OCR performance
with specific font types. Table 1 provides a de-
tailed overview of the different font types used
in the dataset, illustrating how each font displays
distinct stylistic elements.

4 Text Recognition

Text recognition is a crucial process that in-
volves identifying and extracting textual infor-
mation from various sources.

We evaluated the performance of text recog-
nition using Pytesseract, a popular optical char-
acter recognition (OCR) tool, on our specifi-
cally designed dataset. To assess the effective-
ness of text recognition, we employed two key
metrics: the character error rate (CER) and the
word error rate (WER). For this purpose, we
used Jiwer version 3.0.4, a Python library known
for its efficiency in calculating these error rates.
Our experimental setup involved using Pytesser-
act version 0.3.10 to extract text from images
featuring a range of different font types. We
carefully selected these fonts to ensure a com-
prehensive evaluation of the OCR tool’s perfor-
mance. By analyzing the accuracy of text ex-
traction across these various fonts, we aimed to
determine which font type yields the best results
in terms of recognition accuracy. The results, as
illustrated in Table 2, show that the Battambang
and Khmer fonts achieved the lowest CER and
WER with Pytesseract. Battambang had a CER
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Figure 2. The character and word error rates for text recognition using Pytesseract show distinct results

based on the font type.

Table 2. Performance of different Khmer font

types: character error rate (CER) and word error
rate (WER).

No Khmer Font Types CER WER
1 Angkor 0.11 045
2  Battambang 0.01 0.07
3 Bayon 0.21  0.77
4 Bokor 0.06 0.26
5 Chenla 0.04 0.19
6 Dangrek 0.29 097
7 Freehand 0.14 045
8 Kh Kompong Chhnang 0.16 0.62
9 Kh SN Kampongsom 0.06 0.26
10  Khmer 0.01 0.08
11 Khmer CN Stueng Songke 0.09  0.37
12 Khmer Savuth Pen 0.14  0.56
13 Metal 0.11 044
14 Moul 0.13  0.50
15 Odor MeanChey 0.02 0.08
16  Preah Vihear 0.10 043
17 Siemreap 0.02 0.10
18  Sithi Manuss 0.02  0.08
19  iSeth First 023  0.82

of approximately 0.01 and a WER of 0.07, while
Khmer had a CER of 0.01 and a WER of 0.08,
outperforming other fonts in terms of accuracy.
The graphic displayed in Figure 2, demonstrates

that the easiest Khmer fonts for Pytesseract to
recognize are Khmer, Odor MeanChey, Siem-
reap, Sithi Manuss, and Battambang, while the
most difficult to recognize are iSeth First, Bayon,
and Dangrek.

5 Discussion

This study provides valuable insights into how
different Khmer font types impact text recog-
nition accuracy using Pytesseract. The results
show significant variation in performance across
fonts, with Khmer, Odor MeanChey, Siem-
reap, Sithi Manuss, and Battambang achieving
higher accuracy due to their predictable charac-
ter shapes. In contrast, iSeth First, Bayon, and
Dangrek present challenges, with certain charac-
ters frequently misrecognized due to subtle vi-
sual similarities and font-specific complexities.
Table 3, highlights the most difficult characters
to recognize, which are found in the hardest
fonts: Bayon, Dangrek, and iSeth First.

These findings highlight the need for OCR
systems to improve their handling of scripts with
complex typography, such as Khmer. In fu-
ture work, we will explore font-specific recogni-
tion models or advanced machine learning tech-
niques that can better adapt to the typographic
diversity of Khmer script, reducing character er-
ror rates and improving recognition accuracy.



Table 3. The most difficult characters to recognize are found in the Bayon, Dangrek, and iSeth First

fonts.
Font Characters
Bayon ] n o U 8 J] 0U o
Dangrek | n 0 u d | U od
iseth First ] n 0 U g 9 1] oJ

6 Conclusion

This research has effectively utilized the robust
capabilities of Pytesseract to investigate how dif-
ferent font types impact text recognition accu-
racy. By generating a diverse dataset featuring
various Khmer fonts—including Angkor, Bat-
tambang, Bayon, Bokor, Chenla, Dangrek, Free-
hand, Kh Kompong Chhnang, Kh SN Kampong-
som, Khmer, Khmer CN Stueng Songke, Khmer
Savuth Pen, Metal, Moul, Odor MeanChey,
Preah Vihear, Siemreap, Sithi Manuss, and iSeth
First—our study has provided valuable insights
into the challenges associated with each font.
The research suggests that Pytesseract performs
well with fonts such as Khmer, Odor MeanChey,
Siemreap, Sithi Manuss, and Battambang font,
while it encounters difficulties with iSeth First,
Bayon, and Dangrek font.This analysis not only
reveals the strengths and limitations of Pytesser-
act in handling Khmer scripts but also provides
insights for enhancing OCR systems to better ad-
dress font-specific challenges.
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