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Abstract. This study presents a large-scale dataset of Khmer scene text
images captured in real-world environments. Khmer, the official language
of Cambodia, is spoken by approximately 17 million people. While Op-
tical Character Recognition (OCR) systems have achieved remarkable
success in Roman (Latin) script languages such as English, Khmer script
poses unique challenges due to its intricate structure, absence of clear
word boundaries, and highly diverse character shapes and sizes. A signif-
icant limitation in Khmer OCR research has been the scarcity of high-
quality training data, particularly for deep learning-based models, which
require extensive datasets to achieve robust performance. To address
these challenges, we introduce a newly constructed dataset of Khmer
scene text, comprising 29,601 annotated text lines from 10,000 unique
images. This dataset is highly diverse and challenging, encompassing
artistic text, blurred text, low-light conditions, curved text, text in com-
plex backgrounds, and occluded text. Each text line is annotated with
polygonal bounding box coordinates and line-level transcriptions, along-
side attributes describing background complexity, character appearance,
and text style. To establish a foundational benchmark for future research
in Khmer OCR, we provide baseline results for Khmer text detection and
recognition. Additionally, we propose a robust evaluation metric tailored
for Khmer OCR, enabling precise assessment of CER and WER while
accounting for the unique characteristics of the Khmer script.

Keywords: WildKhmerST Dataset - Khmer Script - Low-resource
languages - Scene-Text Detection and Recognition

1 Introduction

In recent years, extracting text from images has attracted considerable interest
due to its wide-ranging applications, such as document analysis [[14,32], image-

* Nom and Keo contributed equally to this work.
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Fig.1: An example of a complex Khmer word that combines all parts, including
consonant (red), vowel (green), subscript (blue), and diacritics (orange).

based translation [@,@], product image retrieval [@,@], visual geo-location [@,@],
and license plate recognition [§,42]. Thanks to advanced deep learning models,
researchers have made great progress in detecting and recognizing text in various
languages, including Latin, Chinese, and Arabic scripts [ﬁ@,ﬁ@] In the case
of Khmer, deep learning has been applied in several areas: the authors of [39)
worked on text recognition in historical manuscripts, in [5] the authors focused
on recognizing Khmer text in synthetic datasets, the authors of [@] addressed on
Khmer printed text, and in [@, the authors explored text detection and recog-
nition in Khmer scene text. Unlike Latin-based scripts, Khmer script constructs
words in a distinct manner. A distinguishing characteristic of Khmer is that
consonants change shape depending on their spatial arrangement within a word.
This includes consonants and subscript, where multiple consonants can merge
into new forms—often referred to as subscripts or low consonants—positioned
beneath the main consonant. This structural combination plays a crucial role in
determining consonant sounds. Additionally, vowels in Khmer are highly flexi-
ble in placement, occurring before, after, above, or below consonants. In certain
cases, vowels can also merge to form entirely new vowel sounds [@] Fig.
illustrates a Khmer word that combines various script components, including
consonants, subscript, vowels, and diacritics. These difficulties, along with the
fact that many non-Latin languages are low-resource. As a result, reading Khmer
text in the wild needs more well-annotated training samples. Unfortunately, ex-
isting benchmarks [@] struggle to meet these needs due to the high cost of data
collection, with only 1,544 images available. To address this issue, we developed
a new, large-scale Khmer scene text dateset called WildKhmerST, which in-
cludes 29,601 Khmer text lines from 10,000 unique sample images. The dataset
is diverse and challenging, containing planar text, raised text, low-light text,
distant text, and partially occluded text. Alongside the dataset, we also provide
a benchmark for Khmer scene text detection and recognition tasks. However, to
accurately assess model performance on this diverse dataset, reliable evaluation
metrics are necessary. Since many languages such as Latin, Chinese, and Arabic
scripts use the levenshtein distance [@, |, which measures errors by counting
insertions, deletions, and substitutions between the predicted and ground truth
text. Khmer script presents unique challenges due to its complex structure and
encoding variations. As shown in Fig. P, on the Character cluster, some words
may look the same but have different character arrangements. This makes it dif-
ficult to compare them without checking their actual character order. To address
the challenges of Khmer character clusters, where the same word can be repre-
sented by different sequences, we propose the Khmer OCR Evaluation Metrics
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(a) Ambiguous consonants (D rivshvsi (2) Uvst 3)tivsii

(b) Ambiguous subscripts Mgvsgvsgvsgvsgvsy | (2)f vsaf (3 vsgvsy

(c) Ambiguous dependent vowels Wvs vs s @iovsi @) i+ vsic

(d) Ambiguous Independent vowels | (1) 2 vs & vs & vs 2 Vs & Vs @) uvs 3)ilvsilvs

(e) Ligatures @m=u+ @f=ri++" @U=u+ + +h

WH+8+o+ip+
A @f+S+fpry+.

(f) Character cluster @R+S+pro+g

- WM +io+0
@n+i

Fig. 2: Examples of Khmer character clusters, ligatures, and ambiguous char-
acters, with different variations. For base consonants (red), subscripts (blue),
diacritics (orange), dependent vowels (green), and independent vowels (pink).

named KHCWERE. These metrics are specifically designed to evaluate CER and
WER in the context of the Khmer language. The key component of this method
is Khmer word normalization process and word segmentation, which applied
the Khmer word segmentation of khmercutE to split both the predicted and
ground-truth texts and Khmer Syllable Reordering Search® for Khmer text nor-
malization; we adapted only the parts related to reordering each syllable while
ensuring that the original structure of the text remains intact.

In this research, we made two key contributions. First, we introduced the
Khmer Scene Text Images dataset, which consists of 10,000 images featuring
real-world Khmer text. Additionally, we provided benchmark model performance
for Khmer text detection and recognition. Second, we proposed the Khmer OCR
Evaluation Metrics, specifically designed to assess CER and WER in the con-
text of the Khmer language. These metrics incorporate robust normalization and
word segmentation techniques to ensure consistent and accurate OCR perfor-
mance evaluation. They address the complexities of the Khmer script, including
subscript ordering, vowel reordering, and diacritic handling.

2 Related Work

2.1 Datasets of Text in Natural Images

Detecting and recognizing scene text in natural images with unconstrained envi-
ronments remains a challenging task in computer vision. The ability to accurately
read text in such settings can greatly benefit various real-world applications. To

! https://github.com/keosaly/KHCWER.git
% https://github.com/seanghay /khmercut
3 https://github.com/Trey314159/KhmerSyllableReordering
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further improve the understanding of text in natural scenes, [40] introduced the
COCO-Text dataset, specifically designed for scene text detection and recogni-
tion. This dataset is built upon the Microsoft COCO dataset, which provides
annotations for common objects in their natural contexts. Datasets of text in
scene images can be categorized into two main types: real images captured from
real-world environments [23,40] and synthetic text images [L1,15]. For example,
the authors in [26] introduced a new benchmark dataset for research purposes,
consisting of over 600,000 labeled digit images cropped from Street View Im-
ages. In [45] the authors presented a large dataset of Chinese text in natural
images, named Chinese Text in the Wild (CTW). The dataset contains 32,285
images with 1,018,402 Chinese characters. Since the Khmer language has signif-
icantly fewer publicly available datasets compared to Latin scripts, researchers
have worked on generating synthetic and real-world datasets to support Khmer
OCR and scene text recognition. One such effort is by [5], who synthetically
generated datasets for both document OCR and scene text recognition using
the Khmer corpus and fonts available in Tesseract. These synthetic datasets aim
to compensate for the lack of real annotated data by creating large-scale train-
ing samples for Khmer text recognition models. Another notable contribution in
Khmer scene text images is the KhmerST dataset introduced by [2§], specifically
designed to advance computer vision research focused on Khmer script recog-
nition. This dataset comprises 1,544 images, which are categorized into indoor
and outdoor scenes. This dataset consists of a diverse collection of images cap-
tured from various public places across Cambodia, including streets, signboards,
supermarkets, and commercial establishments, all containing Khmer text.

2.2 Text Detection and Recognition

In recent years, text detection and recognition have seen significant advance-
ments driven by both traditional and deep learning-based methods. Classical
approaches rely on hand-crafted features such as stroke width and edge detec-
tion, while modern deep learning techniques automatically learn discriminative
features through convolutional and recurrent networks. Text detection identi-
fies and localizes text regions in an image, serving as a crucial preprocessing
step for recognition. Traditional methods rely on hand-crafted features like edge
detection, stroke width transform (SWT) [13], and maximally stable extremal
regions (MSER) [27]. These approaches often struggle with complex backgrounds
and varying text styles. Recent deep learning methods, such as CTPN [38] and
EAST [46], leverage convolutional neural networks (CNNs) to detect text regions
more effectively by learning hierarchical features. More recent approaches, such
as CPN [43] and ATTR [47], enhance detection performance further by incorpo-
rating complementary proposal mechanisms and Transformer-based multi-scale
feature aggregation, respectively. The You Only Look Once (YOLO) model [31]
detects objects in a single pass. Unlike traditional multi-stage methods, YOLO
examines the entire image at once during training and testing. This enables
it to efficiently capture contextual information, leading to faster, more accu-
rate detections. Building on this, [28] proposed various YOLO models to detect
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Khmer text in scene images. By leveraging YOLQO’s single-pass processing, their
approach aimed to improve localization efficiency and adaptability to Khmer
script complexities in real-world environments. In our case, we treat the text
line as an object and use different YOLO versions to detect it effectively. Text
recognition converts detected text regions into machine-readable text, typically
using sequence modeling techniques. Early approaches relied on optical character
recognition (OCR) techniques based on template matching and feature extrac-
tion [[16]. With deep learning, CNNs combined with recurrent neural networks
like LSTMs became popular for text sequence modeling [33]. [B4] introduced the
convolutional recurrent neural network (CRNN), integrating CNNs for feature
extraction, RNNs for sequence modeling, and Connectionist Temporal Classifi-
cation (CTC) loss for transcription. More recent advancements, including the
deep text recognition benchmark [2] and VIiTSTR [l], have further improved
recognition accuracy by capturing long-range dependencies. Additionally, mod-
els such as PARSeq [3] enhance performance by using permuted autoregressive
decoding, which effectively handles diverse and irregular text sequences. TrOCR:
Transformer-based Optical Character Recognition with Pre-trained Models [22]
introduced a novel approach using a Transformer encoder-decoder, allowing it to
learn contextual representations from large-scale text datasets. By eliminating
recurrent components, TrOCR achieves high recognition accuracy while main-
taining computational efficiency. In our approach, we utilize the CRNN, deep
text recognition, and TrOCR models to evaluate the effectiveness of these meth-
ods for text line recognition tasks.

3 WildKhmerST Dataset

In this section, we introduce the comprehensive dataset for Khmer scene text
in natural environments, known as “WildKhmerST”. As shown in Fig. j, the
dataset covers a variety of real-world complexities, such as varying lighting con-
ditions, occlusions, cluttered backgrounds, and different text orientations, sizes,
and fonts. We will explain how the images are annotated, how the dataset is
split into training, validation, and provide statistics on the dataset. The dataset
and evaluation metric will be publicly accessiblef.

3.1 Dataset and Annotations

The annotation process was conducted using the VGG Image Annotator (VIA) [12],
a powerful tool for creating detailed and accurate image annotations. VIA en-
ables the definition of regions within images using polygon coordinates, allowing
for the precise outlining of complex shapes by specifying vertices along the x
and y axes. In each image, all instances of Khmer text lines are annotated, while
text lines in English and other languages are_excluded from the annotations.
The annotation workflow is illustrated in Fig. {l, where a polygon-based bound-
ing box is initially drawn around each sentence of Khmer text. The annotation

* http://13i-share.univ-Ir.fr/2025WildKhmerST/
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Fig. 3: Examples of WildKhmerST dataset illustrate diverse text layouts, includ-
ing curved, varying lighting conditions, occlusions, cluttered backgrounds, and
different text orientations, sizes, and fonts.

Fig. 4: The examples of polygon-based bounding box annotations for Khmer text
in real-World scenes.

data for each image, including detailed annotations, is organized in JSON for-
mat. By accommodating text rotations and contours, the polygon-based method
significantly enhances recognition accuracy, particularly in cases where text de-
viates from standard horizontal alignment. The JSON entries also store essential
metadata, such as image filenames and dimensions, enhancing the dataset’s ef-
fectiveness for training and evaluating deep learning models specialized in Khmer
script detection and recognition.

3.2 Statistics

WildKhmerST is a dataset that includes 10,000 images containing 12,108 unique
words collected from diverse real-world text sources such as street signs, banners,
advertisements, store boards, posters, and product labels. To better understand
our dataset, we conducted an analysis of the most frequently occurring characters
and words. In Fig. pal, we present the distribution of Khmer character instances
across the training set, validation set, and testing set in WildKhmerST. This
analysis is based on the 20 most frequently occurring Khmer words identified in
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Fig.5: Analysis of the most frequently occurring Khmer characters and words
in WildKhmerST Dataset, with blue representing the training set, red for the
validation set, and green for the testing set.

the SEAlang librarya7 which is a comprehensive resource offering_language ref-
erence materials for Southeast Asian languages. Similarly, in Fig. pY, we display
the distribution of Khmer character instances in WildKhmerST, but this time
based on the 20 most frequently searched words in the online Khmer language
dictionary known as KhengH.

For a deeper exploration of word frequency in the dataset, Fig. E shows
the distribution of Khmer word instances in the training set, validation set, and
testing set of WildKhmerST, based on the 20 most frequently occurring Khmer
words in the SEAlang library. Likewise, Fig. @, we extend this analysis by
displaying the distribution of Khmer word instances in WildKhmerST using the
20 most frequently searched Khmer words from the Kheng dictionary. From the
statistics, we can see that WildKhmerST contains a significantly larger number
of samples for the most frequent characters and words based on the SEAlang
and Kheng dictionary. However, we still found some less common words in the
dataset, such as ( B ) appearing 39 times and ( I81: ) appearing only 10 times.

® http://sealang.net/project /list/
% https://kheng.info/frequencies/
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4 Evaluation Metrics

The widely used metrics to evaluate the effectiveness of deep learning techniques
in identifying text sequences from input images is the levenshtein distance [25].
Both CER and WER are based on the levenshtein distance, which calculates the
ratio of unrecognized characters in the predicted result compared to the total
characters in the ground truth. This typically includes insertions, deletions, and
substitutions. A lower value for these metrics indicates higher accuracy of the
model. These metrics are chosen because they are commonly used to assess
the accuracy of OCR [6,[1,25,28]. While CER is effective for many languages,
Khmer script requires deeper consideration due to its complex written structure,
as shown in Fig. P. Challenges arise from ambiguous consonants, subscripts,
vowels, ligatures, character clusters, and other unique script features. To address
this issue, the character normalization scheme proposed in the previous research
of [4] standardizes these sequences into a canonical form. This normalization
is achieved by decomposing each character cluster into smaller units (such as
subscripts and vowels), applying rule-based corrections at the unit level, and
then recombining the corrected units into a normalized cluster. This approach
was applied in the character normalization process of [p].

To evaluate the performance of our model, we first applied the Khmer Sylla-
ble Reordering Search for Khmer text normalization; we adapted only the parts
related to reordering each syllable while ensuring that the original structure of
the text remains intact. The reordering process involves several key steps: first,
we remove zero-width elements and identify the base character, which is either
a consonant or an independent vowel. Additionally, specific vowel combinations
are repaired, such as replacing (| + ) with ( ] ), and (b +7) with (7). The
subscript consonants are reordered, ensuring that ”ro” (1) always appears last,
swapping positions if coeng + ro comes before coeng + another consonant. Fi-
nally, the syllable components as shown in Fig. E, are joined in a structured order:
base character + other register shifters + robat + coeng chunks + dependent
vowels + non-spacing diacritics + spacing diacritics, maintaining proper Khmer
script formation. Throughout this process, we avoided de-duplicating groups to
ensure that if a chunk appears multiple times in sequence, it is preserved instead
of being reduced to a single instance. Similarly to the previous research [6,7,28],
levenshtein distance is used to compute the CER for each word to find the ra-
tio of unrecognized characters over the total number of characters in the target
words. Here, S is number of substitutions, I is number of inserts, D is number of
deletes, and N is number of ground-truth characters. Since the Khmer language
does not have any rule of explicit word boundaries[], we use a word segmenta-
tion algorithm of khmercut to split both the predicted and ground-truth texts
before calculating the WER.

S+I+D Number of incorrect words
CER=——F7+—; WER= 1
N ’ Total number of words in ground truth (1)
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Table 1: Comparison of CER and WER calculations across different evaluation
metrics: Jiwer, TorchMetrics, and KHCWER.

Jiwer  |TorchMetrics| KHCWER
CER|WER|CER| WER, |CER|WER
ganun§ (g, anu, alg] (g, anu, a(§] |017] 1.0 |0.17] 1.0
UG W (o, RS, T | o, Tu e, e 1| 0.18 | 1.0 | 0.1 | 1.0
alfpunipy | [A(R, wyny te] | (a§ wunt T [013] 10 [013] 10
antgnigs | [andygaigi] | fand g, gl |0.06| 1.0 [0.06] 1.0
1t rrev, o) rrev, it 0.17| 1.0 |0.17| 1.0

Ground-Truth Ground-Truth Seg. Instance Seg.

o O o o o
o O o o o

A comparison of CER and WER calculations across three different metrics,
Jiwert TorchMetricsE7 and our custom KHCWER metric, is provided in Table [l|.
We compare ground-truth text with instances that appear visually identical but
differ in vowel placement order. Jiwer and TorchMetrics produce identical results
for both CER and WER, while KHCWER shows slightly different outcomes.
Notably, KHCWER consistently yields lower CER and WER values, suggesting
a more lenient or refined approach to error calculation.

5 Benchmark Model and Performance

5.1 Text Line Detection

Detecting text lines in Khmer script presents unique challenges due to the script’s
complex character shapes, varying text orientations, and the diverse backgrounds
often found in natural scene images. To address these challenges, we leverage the
YOLO models, which are well-suited for real-time object detection tasks. Pre-
vious research has demonstrated the effectiveness of YOLO for text detection
tasks, with [45] proposing YOLOv2 for Chinese character detection and line de-
tection in scene images and [28] utilizing different versions of YOLO to detect
Khmer text lines in natural images. Motivated by these studies, we specifically
utilize YOLOv8, YOLOv10, and YOLOv11 to detect text lines in scene im-
ages, aiming to evaluate and compare their performance in handling the unique
complexities of Khmer script. YOLOvS introduces improved accuracy and flex-
ibility with enhanced anchor-free detection and advanced data augmentation
techniques. Meanwhile, YOLOv10 and YOLOv11 further push the limits by
optimizing the efficiency of the model, reducing computational overhead, and
improving the detection performance in dense and small text regions. The ad-
vantages of using YOLO models include their speed, scalability, and ability to
handle complex scenes with varying text orientations, sizes, and backgrounds.
Additionally, their lightweight nature allows deployment on resource-constrained
devices, making them ideal for real-world scene text detection. We resize the im-
age to 800x800 pixels for the input image pair, with the text format coordinates

" https://pypi.org/project /jiwer
8 https://lightning.ai/docs/torchmetrics/stable
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Table 2: Detection result performance across different YOLO models, including
YOLOvS8, YOLOv10, and YOLOv11.

Model |Params (M)|Precision|Recall|mAP50/mAP50-90
YOLOvV8s 11 0.827 [0.803| 0.88 0.581
YOLOv10s 8 0.831 |0.797| 0.877 0.572
YOLOv11s 9 0.840 |0.809| 0.889 | 0.583

(x__center, y_ center, width, height) and a class ID, where ’0’ denotes Khmer
text line as the object of interest. The model performance is evaluated using
metrics such as precision, mAP50, and mAP50-95. mAP50 calculates the over-
lap between predicted and actual bounding boxes, considering a match valid if
the overlap is 50% or more. On the other hand, mAP50-95 offers a more com-
prehensive accuracy evaluation by assessing performance across various overlap
thresholds ranging from 50% to 95%. We conducted the experiment using Wild-
KhmerST dataset for training and evaluated the models on the KhmerST dataset
[28]. As shown in Table 57 YOLOv11s achieved the highest precision value of
0.840, outperforming YOLOvS8s at 0.827 and YOLOv10s at 0.831. Additionally,
YOLOv11s demonstrated superior recall at 0.809 and mAP50 at 0.889, mak-
ing it the most accurate model for text detection tasks. In contrast, YOLOv10s
recorded the lowest recall of 0.797, while YOLOvS8s achieved a recall of 0.803.

In terms of computational efficiency, YOLOv10s is the most lightweight
model, with only 8 million parameters, but lags slightly in performance com-
pared to YOLOvl1ls. Despite its compact size, it has a higher computational
cost than YOLOv8s and YOLOv1ls. YOLOvlls, with 9 million parameters,
balances complexity and efficiency, delivering superior accuracy. Its optimized
architecture excels at detecting small and dense text regions, common in natural
scene images. Its ability to capture intricate details in text with varying fonts,
sizes, and orientations makes it particularly effective for real-world applications.
On the other hand, YOLOv10s, while efficient in terms of parameters, sacri-
fices some accuracy, as reflected in its lower recall and mAP50 scores of 0.797
and 0.877, respectively. YOLOvS8s remains a competitive choice, offering a good
balance of precision, recall, and efficiency. The detection results of the YOLO
models are illustrated in Fig.d. with YOLOvS8s shown in Fig.@, YOLOvV10s in
Fig.@, and YOLOv11s in Fig.pd. These models are highly effective at detecting
text lines, even identifying small text lines or line numbers not present in the
ground truth test set [2§].

Overall, YOLOv11s emerges as the best-performing model for text detec-
tion tasks, particularly in complex scenes with diverse text orientations and
backgrounds. Its high precision, recall, and mAP50 scores, combined with its
computational efficiency, make it the ideal choice for real-world applications.
While YOLOv10s offers lightweight efficiency and YOLOvS8s provides a balanced
performance-runtime trade-off, YOLOv11s stands out as the most reliable and
accurate model overall.
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(a) Detection results from YOLOvS8s. For each image, the text line detection areas
are highlighted with their corresponding bounding boxes.

(b) Detection results from YOLOv10s. For each image, the text line detection
areas are highlighted with their corresponding bounding boxes.

(c) Detection results from YOLOv1ls. For each image, the text line detection
areas are highlighted with their corresponding bounding boxes.

Fig.6: Examples of text line detection using YOLO models. Ground-truth
bounding boxes are shown in green, and model predictions in yellow. The models
can even detect small text lines that are not annotated in the ground truth.

5.2 Text Line Recognition

Given a cropped text line region from the ground truth, the primary goal of the
recognition task is to accurately extract textual information. To evaluate the
effectiveness of various approaches, we tested the performance of several state-
of-the-art models, including a CRNN [@], a deep text recognition benchmark
model [E], and TrOCR [@] We conducted three different experiments and, to
assess the evaluation metrics, calculated the CER and WER using Equation [l).

In the first experiment, we evaluated several models on the WildKhmerST
dataset using an 80:10:10 train-validation-test split. We began with a CRNN
model (VGG + CTC), which achieved a CER of 0.85% and WER of 1.39%,
establishing a baseline but struggling with complex text. To improve accuracy,
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Table 3: Recognition performance across different models and experimental se-
tups: Experiment 1 involves training, validation, and testing on our proposed
WildKhmerST dataset. Experiment 2 trains on WildKhmerST and tests on the
KhmerST [2§8]. Experiment 3 is fully trained, validated, and tested on KhmerST.

Experiment 1 | Experiment 2 | Experiment 3
Model |Backbone| Decoder |KHCWER(%)|KHCWER(%)|KHCWER(%)
CER | WER | CER | WER | CER | WER
CRNN | VGG CTC 0.85 | 1.39 | 0.74 | 143 | 094 | 1.21
TVBC | VGG CTC 032 | 0.74 | 0.29 | 0.66 | 0.86 | 1.16
TVBA | VGG |Attention-base| 0.51 | 0.99 | 0.21 | 0.50 | 0.93 | 1.17
TRBC | ResNet CTC 0.29 | 0.70 | 0.24 | 0.56 | 0.96 | 1.45
TRBA | ResNet |Attention-base| 0.33 | 0.72 | 0.19 | 046 | 0.90 | 1.10
TrOCR; - Tr.Decoder | 0.13 | 0.30 | 0.19 | 0.37 | 0.94 | 1.11
TrOCR» - Tr.Decoder 0.16 | 0.34 | 0.18 | 0.35 | 0.95 | 1.12

we tested deeper architectures. Among VGG-based models, TVBC (TPS-VGG-
BiLSTM-CTC) outperformed TVBA (TPS-VGG-BiLSTM-Attention) with a CER
of 0.32% and WER of 0.74%. Among ResNet-based models, TRBC (TPS-ResNet-
BiLSTM-CTC) achieved the best results with CER of 0.29% and WER of 0.70%.
We also evaluated TrOCR, a Transformer-based OCR model, using NLLB and
XMLRoberta tokenizers. TrOCR1 (NLLB) achieved CER of 0.13%, WER of
0.30%; TrOCR2 (XMLRoberta) reached CER of 0.16%, WER of 0.34%. TrOCR
outperformed all previous models. Finally, we selected the top three—TRBC,
TrOCR1, and TrOCR2—to extract text from random validation images. Com-
pared to the ground truth, the models accurately extracted the text in most
cases, with only a few errors highlighted in red, as illustrated in Table #.

In the second experiment, we evaluated the generalization capabilities of
the models by training on our proposed WildKhmerST dataset and testing on
the KhmerST dataset [28], introducing a domain shift to assess adaptability
to unseen data. The CRNN model achieved a CER of 0.74% and WER of
1.43%, showing slight improvement over Experiment 1 but still lagging behind
other models. Among VGG-based models, TVBA outperformed TVBC with a
CER of 0.21% and WER of 0.50%, highlighting the robustness of attention-
based decoders to domain shifts. For ResNet-based models, TRBA performed
best, achieving a CER of 0.19% and WER of 0.46%, reinforcing the benefits of
combining ResNet with attention mechanisms for cross-dataset generalization.
Transformer-based TrOCR, models also showed strong performance: TrOCR1
achieved CER of 0.19% and WER. of 0.37%, while TrOCR2 slightly outper-
formed it with CER of 0.18% and WER of 0.35%, reaffirming the effectiveness
of Transformer architectures in handling domain shifts.

In the third experiment, we fully trained and tested the models on the
KhmerST dataset [28] using the same data split as in Experiment 1, with an
80:10:10 ratio for training, validation, and testing, respectively. As shown in Ta-
ble B, despite training and testing on the same dataset, the models yielded high
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Table 4: Comparison of recognition results for the top 3 models using TRBC,
TrOCR1, and TrOCR2 in Experiment 1. Red text highlights erroneous predic-
tions compared to the ground truth, indicating where each model fails.

Instance Ground-Truth TRBC TrOCR1 TrOCR2
isiinrutiing istineutiiny istinutiinu istinruting
mﬁﬁiﬁﬂymmﬁmﬁg:U@mms HIGHIUAM TS HMGHUAMUNS | NGHUGITMS
{f:ansanns | (f:ansdans | {Asansdnns | {Asansanns
_ GEMURIINMULA | $GURONULR | $FRUMNONUE | $¢URIINULR
w Annmaumin | Anaodumin | Anaodumin | AndodAuain
55;@7::@330?134 o | omingdmfs | omigdmdn [omeiinam:
GAIGIINIHIE | GRAITIIIHE GAMNINNYG GAIGEIIYE

CER and WER, indicating difficulty in learning and generalizing from the data.
This highlights potential limitations in dataset size. The results suggest that the
KhmerST dataset, being smaller than WildKhmerST, lacks sufficient data for
learning robust representations, resulting in higher error rates. All experiment
results are summarized in Table B

Overall, the experiments demonstrate the effectiveness of different architec-
tures for text recognition tasks under varying conditions. In Experiment 1, where
models were trained and tested on the proposed WildKhmerST dataset, TrOCR.
emerged as the top performer, showcasing the superiority of Transformer-based
models. In Experiment 2, which introduced a domain shift by training on Wild-
KhmerST and testing on the KhmerST dataset, TRBA and the TrOCR models
demonstrated strong generalization capabilities. These results highlight the im-
portance of attention mechanisms and Transformer-based architectures in han-
dling domain shifts, whereas traditional models like CRNN struggled to general-
ize effectively. However, in Experiment 3, we observed that the model produced
very high CER and WER, indicating poor performance. This issue arose due to
the limited size of the KhmerST dataset used for training.

5.3 Discussions and Limitations

Detection. Despite achieving strong performance metrics with a precision of
0.840, recall of 0.809, mAP50 of 0.889, and mAP50-90 of 0.583 when trained
on WildKhmerST and tested on KhmerST datasets, the YOLO model exhibits
notable limitations in detecting Khmer text in scene images. One key challenge
is its reduced accuracy when processing small text instances and images with
poor lighting conditions, as illustrated in Fig. [], where the model inconsistently
detects text, missing some instances entirely. This limitation highlights the need
for more advanced detection strategies or model enhancements that can better
handle low-resolution and low-contrast text in complex real-world scenes.



14 V. Nom et al.

Fig. 7: Example of detection failure cases. Images (1) and (3) show ground truth
annotations, with text lines highlighted in green, while (2) and (4) display model
detections, where predicted boxes are marked in yellow and missed ones in red.

Recognition. Based on the results of Experiment 2, our proposed dataset, con-
sisting of 29,601 text lines from 10,000 unique images, provides a robust founda-
tion for training Khmer OCR models. The impact of domain shift is evident, as
models trained on WildKhmerST were tested on the unseen KhmerST dataset.
While CRNN and CTC-based models experienced notable performance drops,
attention-based models like TRBA and Transformer-based models demonstrated
superior generalization. Their ability to extract text from unseen data highlights
the effectiveness of attention mechanisms and Transformer architectures in han-
dling variations in text style, noise, and font diversity, making them more suit-
able for real-world Khmer OCR, as shown in Table . However, in Experiment 1,
where models were trained on 80% of WildKhmerST, the TRBA model showed
a performance drop. In contrast, Transformer-based models remained robust,
with TrOCR1 achieving the lowest CER and WER. This suggests that Trans-
formers are more resilient to domain shifts and reduced training data compared
to CRNN, CTC-based, and Attention-based models. Moreover, the word-level
analysis in Table H highlights the advantages of Transformer-based models in
recognizing the 10 most frequent Khmer words in Experiment 1. Traditional
models like CRNN and TVBC had lower accuracy, especially on common words,
whereas TrOCR1 and TrOCR2 consistently achieved the highest accuracy, re-
flecting their strong ability to capture contextual dependencies and character
interactions. Furthermore, Experiment 3 illustrated the challenges of training
on a limited dataset, as models trained solely on KhmerST struggled with high
CER and WER. This reinforces the importance of dataset scale and diversity in
improving model robustness and generalization. Despite promising results, the
models struggle with recognizing complex samples, particularly freestyle writing
and irregular horizontal lines, which are underrepresented in our dataset. These
cases introduce high variability in character shapes, spacing, and orientation,
making it difficult to extract consistent patterns. As shown in Fig. §, freestyle
writing often includes uneven strokes, overlapping characters, and inconsistent
baselines, while horizontal lines may suffer from skewed alignment. This limita-
tion underscores the need for more diverse data and advanced preprocessing to
improve robustness against complex text structures.



WildKhmerST: Khmer Scene Text Dataset and Benchmark 15

Table 5: Top-1 accuracy (%) of the 10 most frequent Khmer words across different
text recognition models in Experiment 1.

Model | &1 | wi | o8 [ (a0 [tue | §: [§inm| &n i |euma
CRNN 11.12 0 25.50 0 23.80 0 20.30 0
TVBC 45.30 | 57.90 | 57.90 | 40.28 | 50.85 | 54.45 | 35.72 | 71.22 | 30.96 | 10.72
TVBA 36.12 | 62.75 | 57.02 | 48.62 | 47.46 | 60.61 | 28.58 | 55.80 | 26.2 7.2
TRBC 50.0 | 64,71 | 67.11 | 48.62 | 59.33 | 57.58 | 38.1 | 73.92 | 73.92 | 14.29
TRBA 61.12 | 75.50 | 72.81 | 58.34 | 66.95 | 62.13 | 45.24 | 75.37 | 47.62 | 32.15
TrOCRI1 | 92.86 | 95.59 | 90.79 | 95.84 | 99.16 | 93.94 | 90.48 | 92.76 | 89.29 | 92.86
TrOCR2 | 92.86 | 94.61 | 90.36 | 95.84 | 94.07 | 90.91 | 90.48 | 92.76 | 91.67 | 92.86

o ke

i

imnseminhif

[

Fig. 8: Example of recognition failure cases, including freestyle writing and hor-
izontal text lines, which contribute to recognition difficulties.

6 Conclusion

In conclusion, this research addresses the challenges of Khmer text recognition by
introducing a large-scale, diverse dataset of 29,601 text lines from 10,000 unique
sample images, annotated with polygonal bounding boxes and line-level tran-
scriptions. The dataset captures real-world complexities, including artistic text,
blurry text, low-light text, curved text, text with complex backgrounds, and oc-
cluded text, providing a robust foundation for training and evaluation. We also
propose a Khmer-specific OCR evaluation metric that incorporates normaliza-
tion and word segmentation to handle the script’s unique complexities, such as
subscript ordering, vowel reordering, and diacritic handling. Through extensive
benchmarking, we demonstrate the effectiveness of state-of-the-art models by
identifying effective models for scene text detection and recognition tasks and
analyzing their strengths and weaknesses. These contributions establish a strong
baseline for future research and pave the way for advancements in Khmer OCR,
particularly in addressing challenges like ambiguous characters, complex layouts,
and low-resolution text. We believe that our dataset and evaluation framework
will greatly stimulate future work in Khmer text detection and recognition, en-
abling further innovations in this field.

In future work, we plan to develop a scene text generation model specifically
for the Khmer language. Additionally, we will explore the design of a joint or
end-to-end model tailored for Khmer text, integrating detection and recognition
into a unified framework.
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