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Abstract. Scene text detection and recognition in low-resource lan-
guages such as Khmer pose significant challenges due to the scarcity
of annotated datasets and the script’s inherent complexity, including
stacked consonants, intricate ligatures, and context-dependent vowel di-
acritics. Unlike Latin-based scripts, Khmer lacks clear word boundaries
and exhibits a wide variety of character combinations, making it difficult
for standard OCR systems to perform reliably. While recent advances in
deep learning have achieved strong performance for high-resource lan-
guages, their direct applicability to Khmer remains limited and under-
explored. This study investigates the potential of cross-lingual transfer
learning as a solution to bridge this gap. By leveraging pretrained models
from high-resource languages such as English, we explore how existing
state-of-the-art detection and recognition architectures can be adapted
to the Khmer script. Specifically, we evaluate the effectiveness of fine-
tuning these models, originally trained on large-scale Latin or multilin-
gual datasets, using a limited amount of annotated Khmer data to boost
accuracy and generalization.

Keywords: Cross-lingual learning (CLL) - Khmer Script - Scene Text
Detection and Recognition (STDR)

1 Introduction

Scene Text Detection and Recognition (STDR) is the process of automatically
identifying and interpreting textual content that appears within natural images.
It typically involves two sequential tasks: text detection, which locates and local-
izes regions of interest containing text, and text recognition, which extracts the
textual content within those regions. STDR has emerged as a critical computer
vision task with widespread applications across domains such as autonomous
driving, augmented reality, and assistive technologies for visually impaired indi-
viduals [21,44]. These systems have found practical use in numerous real-world
scenarios, including document analysis [11,33], word spotting in historical docu-
ments [30], automatic license plate recognition [10,42], multilingual sign transla-
tion [6], and content-based image retrieval [39]. Despite the remarkable progress
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Fig.1: A sample of the complex Khmer word ”:fg'i_‘ﬂtﬂ ﬁjbjﬁ{” (Thursday) il-

lustrates a combination of character types: consonants are highlighted in red,
sub-consonants in blue, vowels in green, and diacritics in orange.
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Fig. 2: Example of scene text recognition in Khmer, a low-resource language. (a)
Training solely on Khmer data produces an incorrect result, while (b) applying
CLL from a high-resource language like English enables correct recognition.

in STDR research, the vast majority of existing approaches have concentrated
on high-resource languages such as English, Chinese, etc., which benefit from
abundant training data and extensive research attention [l,[18]. These meth-
ods typically leverage large-scale datasets such as ICDAR, MLT, and Total-Text
to achieve impressive performance through sophisticated deep learning archi-
tectures [[7,25]. However, this focus on high-resource languages has created a
significant research gap for low-resource languages, where the scarcity of anno-
tated data and unique linguistic characteristics present substantial challenges
in developing effective STDR. systems [@,@] The performance disparity be-
tween high-resource and low-resource language STDR systems remains a critical
barrier to achieving truly multilingual text understanding capabilities.

Khmer, the official language of Cambodia, exemplifies the challenges faced by
low-resource languages in STDR applications. Although there are some existing
datasets, including historical manuscripts | synthetic datasets [ﬂ], printed
text corpora [37], and scene text datasets | ,@]y, the overall availability and
diversity of annotated Khmer data remain limited. Khmer script poses unique
challenges due to its complex writing system, which differs markedly from Latin.
One key aspect is that consonants can change their forms based on their position
within a word. This includes the use of sub-consonants that are written below,
in front of, or behind the main consonant, and their shapes change depending on
their position. Meanwhile, vowels in Khmer exhibit great positional flexibility,
appearing before, after, above, or below consonants, and sometimes combining to
create new vowel sounds. As shown in Fig. [ll, Khmer words often feature clusters
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of consonants, diacritics, and sub-consonants arranged in various positions rela-
tive to the base consonant, while vowels can occupy additional spaces above it.
These complex combinations significantly increase the difficulty of accurately de-
tecting and recognizing Khmer text. In addition, the Khmer script lacks explicit
word boundaries, features variable character widths and heights, and includes
numerous context-dependent character forms and ligatures [38]. These character-
istics create substantial ambiguity in character segmentation and identification.
Combined with the use of a wide variety of Khmer fonts and the frequent over-
lap of character components, these linguistic and visual properties make Khmer
STDR considerably more difficult than systems designed for high-resource lan-
guages. Furthermore, the development of STDR systems for Khmer is hindered
by the scarcity of annotated datasets. Unlike high-resource languages that ben-
efit from large and diverse training corpora, Khmer suffers from data limitation.
To address these challenges, we explore the potential of cross-lingual learning
(CLL) as a promising solution for low-resource STDR. By leveraging pretrained
models trained on large-scale datasets in high-resource languages such as En-
glish, we aim to adapt and fine-tune these models to the Khmer script using a
limited amount of annotated data. CLL enables the reuse of visual and linguistic
features learned in one language domain and facilitates knowledge transfer to
another, potentially reducing the dependency on extensive labeled data while
improving performance on underrepresented scripts. Fig. P illustrates this con-
cept, showing how training solely on Khmer data can produce incorrect results,
while applying CLL from a high-resource language like English enables correct
recognition of Khmer scene text.

In this study, we investigate the effectiveness of fine-tuning state-of-the-art
detection and recognition models compared to training from scratch on the same
dataset, with the goal of identifying the most efficient strategy for Khmer STDR
in low-resource settings. Specifically, our objective is to assess how the use of
pre-trained models, originally developed for high-resource languages, impacts
performance in terms of accuracy, generalization when applied to the Khmer
script. Our evaluation includes both detection and recognition tasks to determine
whether cross-lingual transfer learning offers a practical and scalable solution to
improve STDR systems in underrepresented languages.

In this work, we present two key contributions. First, we introduce cross-
lingual transfer learning for Khmer STDR, demonstrating how pretrained models
developed for high-resource languages can be effectively adapted to low-resource
like Khmer. Second, we conduct a comparative analysis of fine-tuning versus
training from scratch, highlighting the practical benefits of leveraging pretrained
knowledge in low-resource STDR scenarios.

2 Related Work

2.1 Text Detection and Recognition in Scene Images

Recent advancements in scene text detection and recognition have been largely
driven by deep learning, particularly convolutional neural networks (CNNs) and
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sequence models. For text detection, models such as EAST [47] and CRAFT [2]
enable robust localization by directly regressing bounding boxes or character
affinity fields, while DBNet [[L9] introduces differentiable binarization to improve
detection accuracy in densely packed or curved text scenarios. Object detection
frameworks like YOLO have also been adapted for text detection due to their
efficiency in single-pass inference. For instance, YOLOv2 has been used to de-
tect Chinese text [46], and recent studies [27,28] have explored various YOLO
versions for Khmer text_detection in natural scenes. For text recognition, early
models such as CRNN [B5] combine CNNs with bidirectional LSTMs and CTC
loss to handle unsegmented sequences. More recent approaches employ atten-
tion mechanisms and Transformer-based architectures (e.g., TRBA, SRN [41]),
which better capture long-range dependencies and support recognition in com-
plex layouts. However, most of these methods have been developed and evalu-
ated primarily on Latin-script datasets, limiting their generalization to struc-
turally diverse scripts. In the context of Khmer, several studies have evaluated
different recognition models. Author [27] explored Tesseract OCR and TrOCR
for Khmer text line recognition. Author [2§] investigated CRNN, VGG-based
models, ResNet-based models, and Transformer-based architectures. Author [5]
evaluated baselines such as CRNN, TRBA, TRBC, and also proposed a 2D
recognition method tailored to the structural complexity of the Khmer script.

2.2 Low-Resource Language for STDR

Despite the remarkable progress in STDR for high-resourced languages, low-
resource languages present substantial obstacles that remain largely unaddressed.
Many writing systems, particularly in Southeast Asia and South Asia, are char-
acterized by intricate structural properties including stacked characters, com-
plex ligatures, and minimal inter-word spacing, as exemplified by Khmer, De-
vanagari, Tamil, Lao, and Burmese scripts. The fundamental constraint limiting
progress is the scarcity of comprehensively annotated datasets, which creates
significant barriers to developing robust models through conventional training
approaches [32,14].

Some efforts have explored synthetic data generation and semi-supervised
learning techniques for these underrepresented scripts, though such initiatives re-
main constrained in_coverage and effectiveness [15]. Several benchmark datasets,
including IndOCR [B], MLT-2019 [26], and ICDAR competitions [23], have made
initial attempts to incorporate Indian and Southeast Asian scripts into their eval-
uation frameworks. However, scripts like Khmer, Lao, Burmese, and Nepali con-
tinue to be notably underrepresented in these datasets. The RRC-MLT dataset
includes some Southeast Asian scripts but lacks sufficient diversity in text styles
and imaging conditions for robust model training [36,40]. Consequently, the com-
putational performance of state-of-the-art models on these scripts is infrequently
documented, creating substantial knowledge gaps in the literature. This limita-
tion is particularly problematic for real-world applications where these languages
are used in multilingual environments, requiring systems that can handle script
mixing and language identification challenges [[17,12].
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2.3 Cross-Lingual Transfer Learning

Cross-lingual transfer learning has emerged as a promising approach for ad-
dressing the low-resource language challenge by leveraging knowledge from high-
resource languages [B1,9]. The fundamental premise is that linguistic and visual
patterns learned from abundant data in high-resourced languages can be adapted
to improve performance in target languages with limited training data [29,43].
Recent research has extended cross-lingual transfer learning to computer vision
tasks, particularly for document analysis and OCR. Multi-script OCR systems
have been developed that can leverage training data from multiple languages
simultaneously [23,36]. The author [40] demonstrated that pre-training on large-
scale synthetic data from high-resource languages followed by fine-tuning on
limited real data from target languages can significantly improve recognition ac-
curacy. Similarly, the author [17] showed that transfer learning from English to
Indian languages could achieve substantial performance gains even with minimal
target language data. The effectiveness of cross-lingual transfer learning depends
on several factors, including the similarity between source and target languages,
the quality and quantity of target language data, and the architectural choices
for adaptation [12,34]. Recent work has explored various adaptation strategies,
including feature-based transfer, fine-tuning approaches, and domain adaptation
techniques [§,24].

2.4 Research Gap and Motivation

Although deep learning-based methods have significantly advanced STDR for
high-resource languages, several critical gaps remain for underrepresented scripts
like Khmer. Despite its unique structural properties, Khmer is largely absent
from major STDR benchmarks, and existing datasets lack scale and diversity
compared to their Latin-script counterparts. While cross-lingual transfer learning
has shown potential in document OCR, its effectiveness for complex scripts such
as Khmer remains underexplored, and systematic evaluation frameworks for low-
resource scripts are lacking.

This research addresses these challenges through a CLL framework designed
to transfer knowledge from high-resource languages to Khmer, mitigating scarcity
of annotated data. For text detection, we adopt YOLOv11 due to its superior
performance, robustness in handling diverse scene conditions, and lightweight de-
sign suitable for deployment on resource-constrained devices. Previous work has
shown that among several YOLO variants, YOLOv11 consistently outperforms
others in detecting Khmer scene text in complex layouts [28€]. We evaluate the
model using both training from scratch and fine-tuning from pretrained weights
on COCO dataset to assess cross-lingual transfer effectiveness.

For the recognition task, we select TrOCR for its Transformer-based encoder-
decoder architecture, which enables learning rich contextual representations from
large-scale text corpora. TrOCR eliminates recurrent components, providing
both high recognition accuracy and computational efficiency [20]. Based on pre-
vious work on Khmer OCR. baselines, which include CRNN, TRBC, TRBA,
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Fig. 3: Examples of multi-level Khmer consonant clusters, showing how conso-
nants and sub-consonants change shape based on their function. Some clusters
contain a single sub-consonant, while others combine multiple to form complex
syllables or complete words.

and TrOCR, the TrOCR model demonstrated the best performance among the
evaluated approaches. In this study, we experiment with TrOCR, by systemati-
cally comparing training from scratch with fine-tuning on models pretrained on
high-resource languages, in order to evaluate the effectiveness of CLL for Khmer
scene text recognition.

3 Khmer Script and Dataset Overview

3.1 Khmer Script

Khmer serves as the official language of Cambodia and is spoken by around
17 million people. The language has been significantly influenced by Sanskrit
and Pali due to Cambodia’s historical ties to Hinduism and Buddhism [4]. The
Khmer writing system follows an abugida structure, where consonants inher-
ently carry an unwritten vowel sound [L6]. The script consists of 33 consonants,
14 independent vowels, 23 dependent vowels, and 8 diacritics. These characters
are encoded in the Unicode standard within the range U+1780 to U+17FF [L3].
Khmer follows a left-to-right writing direction, with optional spaces added to en-
hance readability. The text consists of orthographic syllables formed by character
clusters, each containing a primary consonant or a standalone vowel, potentially
two subscript consonants, a vowel dependent on the base character, and diacrit-
ical marks [Bg]. In contrast to Latin writing, Khmer constructs words through
a unique structural approach where consonants change their appearance based
on their positional role within character clusters. Main and sub-consonants can
merge to create altered forms known as subscripts or low-consonants, which ap-
pear beneath the base consonant as demonstrated in Fig. . This system creates
dramatic size disparities within clusters, with subsidiary elements like subscripts,
diacritics, and some vowels being markedly smaller than the foundational con-
sonant [p]. Furthermore, font selection can create significant confusion between
character pairs that vary by only one stroke mark. In severe instances, sub-
script variations become nearly impossible to differentiate. Additionally, charac-
ter construction varies, with some formed as unified glyphs while others consist
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"regions": [
{
"shape_attributes": {
"name": "polygon",
"all_points_x": [L04, 827, 824, 97],
"all_points_y": [338, 628, 749, 670]
b
"region_attributes": { "Name": "M W{RIUTUBY i?iﬁji.iijljii” }

"shape_attributes": {
"name": "polygon".
"all_points_x": [1227, 1433, 1435, 1231],
"all_points_y": [735, 733, 837, 843]

B!
N

"region_attributes": { "Name": "t 0" }

]

Fig.4: An example of an annotated image paired with its corresponding JSON
metadata. The metadata includes polygon coordinates for text regions and their
transcriptions, supporting scene text detection and recognition tasks.

of separate, disconnected elements representing individual characters [@} These
inherent complexities in character formation, clustering, and visual similarity
make Khmer script substantially more challenging for automated detection and
recognition than Latin script’s standardized character system.

3.2 Dataset

Since Khmer is a low-resource language, existing datasets still_have limita-
tions. Some public existing datasets focus mainly on printed text [37], synthetic
datasets [E], and historical manuscripts [38]. Meanwhile, existing datasets for

STDR include only KhmerST [@] and WildKhmerST [@] Due to this lim-
ited availability of Khmer scene text datasets, we selected to use both datasets:
WildKhmerST for training and KhmerST for evaluation.

The KhmerST dataset is the first publicly available dataset for Khmer scene
text, comprising 1,544 annotated images, including 997 indoor and 547 out-
door scenes. It presents a wide range of real-world challenges, such as flat and
raised text, low-light conditions, and text that is distant or partially obscured.
Each image includes line-level annotations with corresponding transcriptions.
The dataset also captures various text orientations, including horizontal, verti-
cal, and curved layouts, reflecting typical use cases in storefronts, street signs,
and advertisements.

The WildKhmerST dataset is a large-scale Khmer scene text dataset com-
prising 29,601 annotated text lines from 10,000 unique images captured in chal-
lenging real-world environments. This dataset addresses the shortage of training
data for Khmer OCR applications, particularly for deep learning approaches.
The collection features diverse scenarios, including artistic typography, blurred
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text, low-light conditions, curved text arrangements, complex backgrounds, and
partially occluded text elements. The dataset captures text as it appears in au-
thentic public settings, such as street signs, shop banners, product labels, and
advertisements, reflecting the variability and complexity of real-world usage.
Both datasets provide annotations that include polygon-based bounding box
coordinates for text localization and ground truth transcriptions for recognition
tasks, making them suitable for comprehensive scene text detection and recog-
nition evaluation. The polygon annotations are particularly valuable for Khmer
text, as they can accurately capture the irregular boundaries of curved or ro-
tated text instances commonly found in real-world scenarios. This annotation
detail enables precise localization training and supports development of more ro-
bust text detection algorithms that can handle geometric complexities inherent
in scene text. Fig. { illustrates an example of image-text annotation, where the
image is paired with a JSON file that specifies the coordinates of text regions
using polygons along with their associated transcriptions in Khmer script.

4 Khmer STDR - Models and Performance

4.1 Scene Text Detection

Detecting text lines in Khmer script presents unique challenges due to the script’s
complex character structures, varying orientations, and the presence of clut-
tered or low-contrast backgrounds in natural scene images. To address these is-
sues, we leverage the YOLO object detection framework, known for its real-time
performance and adaptability to dense prediction tasks. Previous research has
demonstrated the effectiveness of YOLO in similar contexts, with [45] proposing
YOLOV2 for detecting Chinese characters in scene images, and [27] applying dif-
ferent YOLO variants to Khmer text-line detection. In this work, we investigate
two distinct experiments using the YOLOv11 framework: (1) training a model
from scratch with Khmer-specific initialization, and (2) fine-tuning a pretrained
YOLOv11s® model originally developed for general object detection. For both
experiments, we standardized input images to 800 * 800 pixels and represented
text-line annotations using normalized coordinates (x_ center, y_ center, width,
height) with class label '0’ for Khmer text lines. Performance was evaluated
using precision, recall, mAP50, and mAP50-95 metrics, with the latter provid-
ing comprehensive assessment across multiple IoU thresholds. All models were
trained on the WildKhmerST dataset and evaluated on the KhmerST dataset.

In the first experiment, we implemented a from-scratch training approach
using a custom YOLOvV11 architecture configured specifically for Khmer text de-
tection. The model maintained the standard YOLOv11 design with a lightweight
backbone and detection head, optimized for efficient performance in resource-
constrained scenarios. We configured the architecture for single-class detection
by setting the number of classes parameter to 1 (labeled as "text”), while pre-
serving all other structural components. This focused configuration enabled the

! https://docs.ultralytics.com /models/yolol1 Accessed: 2025-06-05
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Table 1: Detection performance and efficiency comparison of YOLOv11 models
trained from scratch (FS) and fine-tuned (FT) for Khmer text line detection.
Metrics include precision, recall, mAP scores, FLOPs, and training time.

Model Precision|Recall mAP50 mAP50-90|FLOPs (G)|Training Hours (h)
YOLOv11 (FS)| 0.807 |0.801| 0.852 0.565 113.7 63
YOLOv11 (FT)| 0.840 |0.809| 0.889 0.583 21.3 24

model to dedicate its full capacity to learning Khmer text line patterns without
the complexity of multi-class discrimination. The training process took approx-
imately 63 hours and involved 113.7 GFLOPs per forward pass, reflecting the
computational cost of learning from scratch. The model achieved 0.807 precision,
0.801 recall, 0.852 mAP50, and 0.565 mAP50-95, as summarized in Table m

In the second experiment, we employed transfer learning by fine-tuning a
YOLOv11s model pretrained on the COCO dataset. We retained the model’s ro-
bust low-level feature extraction capabilities from general object detection while
adapting only the final layers for Khmer text line recognition. This strategy ef-
fectively leveraged the model’s existing visual understanding while specializing
it for our specific domain task. The fine-tuned model achieved higher detection
performance while being significantly more efficient, requiring only 24 hours of
training and 21.3 GFLOPs per forward pass. It is important to note that the re-
ported 24-hour training time represents only the fine-tuning phase on our Khmer
dataset and does not include the pretraining phase of YOLOv11s on the COCO
dataset. Evaluation results demonstrated strong performance, achieving 0.809 re-
call, 0.889 mAP50, and 0.583 mAP50-95, as shown in Table [l. Fig. a provides a
qualitative comparison of the detection results from the two experiments. Image
(1) shows the output of the model trained from scratch, while image (2) displays
the result of the fine-tuned model. In each image, green bounding boxes indicate
ground truth annotations, and yellow boxes represent the model’s predictions.

Overall, both experiments explored the effectiveness of training strategies for
Khmer text detection using the YOLOv11 architecture. Comparing from-scratch
training with transfer learning highlights the trade-offs between domain-specific
adaptation and leveraging pretrained knowledge. Training from scratch allowed
the model to fully adapt to the visual characteristics of Khmer text but required
significantly higher computational resources: over double the training time (63
vs. 24 hours) and more than five times the FLOPs per inference (113.7G vs.
21.3G). In contrast, the fine-tuned model achieved better performance across
metrics, including higher precision, recall, and mAP, while demanding less train-
ing effort. The models demonstrated strong detection capabilities, with notable
gains in precision and mAP when incorporating pretrained weights. These results
underscore the advantage of initializing from general object detection models,
even for specialized domains like Khmer text. The findings suggest that fine-
tuning offers a more efficient, effective approach for scene text detection in low-
resource languages, particularly when computational constraints are a concern.



10 V. Nom et al.

makrog °
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Fig.5: Visualization of detection results using YOLOv11. Image (1) shows the
result from a model trained from scratch, while image (2) shows the result from a
fine-tuned model. In each image, green boxes represent ground truth, and yellow
boxes represent the model’s predictions.

4.2 Scene Text Recognition

Scene text recognition focuses on interpreting textual content within images.
Given a cropped text line region from ground truth data, the task aims to ac-
curately transcribe the contained text. To achieve this, advanced models like
TrOCR leverage a Transformer-based encoder paired with an auto-regressive text
decoder, enabling robust Optical Character Recognition (OCR). TrOCR excels
in understanding linguistic context and structural patterns, outperforming exist-
ing state-of-the-art methods across diverse text types, including printed, hand-
written, and scene text [@] In this work, we explore two different approaches
using TrOCR: (1) training a model from scratch using a Khmer dataset, and
(2) fine-tuning a TrOCR model originally trained on Latin-script languages and
adapting it to Khmer. Our goal is to demonstrate the effectiveness of cross-
lingual transfer learning, showing that a model trained on high-resource lan-
guages can be successfully adapted to low-resource languages like Khmer. We
also compare the performance of the fine-tuned model against the one trained
from scratch to assess the benefits and limitations of transfer learning in low-
resource scene text recognition. Due to the challenges posed by the Khmer script,
such as ambiguous consonants, subscripts, vowels, ligatures, character clusters,
and other unique script features, we choose to evaluate model performance using
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KHCWERE. This metric is specifically designed to handle character clusters by
accounting for vowel combinations and script-specific corrections. In contrast,
conventional metrics like Character Error Rate (CER) and Word Error Rate
(WER), as implemented in tools such as Jiwerd and TorchMetricsd, are unable
to capture these nuances and may therefore misrepresent recognition perfor-
mance for Khmer text. For example, consider the sentence ”‘ﬁlﬁ[iﬁ[ﬂ?[ﬁﬁj”.
Given that both the ground-truth segmentation and instance segmentations are
identical [T, din [ITG", "TH1’], one would expect perfect accuracy. However,
Jiwer reports a CER of 0.17 and a WER of 1, while TorchMetrics yields a CER
of 0.1 and a WER of 1. In contrast, KHCWER correctly interprets the character
clusters and adjusts both CER and WER to 0, indicating no error.

S+I1+D Incorrect words
FR=-~_"-_— ER = 1
CER N , WER Total words in ground truth (1)

For all experiments, we used the WildKhmerST dataset for training and
the KhmerST dataset for evaluation. In the first experiment, we trained TrOCR,
models from scratch specifically for the Khmer script. We constructed custom Vi-
sionEncoderDecoder models with a ViT-base encoder (google/vit-base-patch16-
224-in21k) and a BART-style decoder configured from scratch with parame-
ters tailored for the Khmer script. We evaluated two different tokenization ap-
proaches: the NLLB tokenizer (facebook/nllb-200-distilled-600M) and the XML-
Roberta tokenizer. Both configurations were combined with a ViT image pro-
cessor to construct custom TrOCRProcessors. This setup was designed to better
support Khmer’s complex script structure, including subscripts, ligatures, and
vowel clusters. The training and evaluation annotations were parsed from plain
text files and converted into structured datasets via a custom CustomOCR-
Dataset class. Models were trained using the Seq2SeqTrainer API from Hugging
Face Transformers, with the AdamW optimizer, a batch size of 16, and 100 train-
ing epochs. To ensure reproducibility, all random seeds were fixed. As shown in
Table E, the from-scratch models achieved CER and WER of 0.40 and 0.55 with
the NLLB tokenizer, and 0.44 and 0.59 with the XMLRoberta tokenizer.

In the second experiment, we fine-tuned a pretrained TrOCR model (mi-
crosoft /trocr-small-printed) to assess the effectiveness of cross-lingual transfer
learning, adapting a model originally trained on high-resource Latin script lan-
guages to low-resource Khmer script. We retained the original VisionEncoderDe-
coder architecture of the pretrained TrOCR model, preserving the pretrained
ViT encoder and transformer decoder. Similarly to the first experiment, we
evaluated two tokenization approaches: the NLLB tokenizer and XMLRoberta
tokenizer, each combined with a ViT image processor to construct new TrOCR-
Processors. For training, we employed the Seq2SeqTrainer API with the AdamW
optimizer, a batch size of 16, and ran training for 100 epochs, matching the
configuration from the first experiment. The results in Table E show that the

2 https://github.com /keosaly/KHCWER.git Accessed: 2025-06-13
3 https://pypi.org/project/jiwer Accessed: 2025-06-15
* https://lightning.ai/docs/torchmetrics/stable Accessed: 2025-06-15
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Table 2: Performance comparison of TrOCR, models trained from scratch (FS)
versus fine-tuned (FT) with different tokenizers for Khmer text line recognition,
with CER and WER calculated using Equation ﬂ

Model
TrOCR (FS)
TrOCR (FT)
TrOCR (FS)
TrOCR (FT)

CER
0.40
0.18
0.44
0.17

WER
0.55
0.35
0.59
0.33

Tokenizer
NLLB
NLLB

XMLRoberta
XMLRoberta

Decoder
BART-style
Tr.Decoder
BART-style
Tr.Decoder

Encoder
ViT-base-patch16-224-in21k
TrOCR-small-printed
ViT-base-patch16-224-in21k
TrOCR-small-printed

Table 3: Results of Khmer text recognition. Comparison of TrOCR (FS) trained
from scratch and TrOCR, (FT) fine-tuned models using two different tokenizers:
NLLB and XMLRoberta, evaluated against the ground truth. Text highlighted
in red indicates incorrect predictions made by the models.

Instance Ground-Truth TrOCR (FS) TrOCR (FT) | TrOCR (FS) | TrOCR (FT)
NLLB NLLB XMLRoberta | XMLRoberta
ui8 wndgiagj | sidwwndging | si8undging | si8uwmdgiag | si8undgiag

HIgHNUISHY |[fIssmugnamey

—

9:’“%‘“‘&&55 §INGAHBAL §INGAHBAL ginghHAAW | gingAnAAWw | gingANRAW
TN gt TN gt TN gt MILN RS ts Mt it

MSHNSMu I MSHRGIs:! MSINSMu I msirgiim MSINSMYI

LS EUNAYESIAI BUNAYEDMT | INNAYERIA | BuhAgESIa
WISUSHAINUYU| MSUSUNUGN  |B1sUSTinUgu| MsusiRnty | nsugtiintygy
waaanfurg | Saaan§mavig | iGaaanfurg iwAsAn§ g iwannnSuig
Sensenetse [IDOEREITE GANRAIGIG SANAUNSWE | SANRUNSWE | GANAUASWE

iz AT A

HMIEAMS YA

iz AT A

HMIMRUINM

HIHEEL DD

fine-tuned models achieved significantly better performance: CER of 0.18 and
WER of 0.35 with the NLLB tokenizer, and CER of 0.17 and WER of 0.33
with the XMLRoberta tokenizer. Table E provides visual examples that compare
recognition performance of all four model configurations against ground truth.
Fine-tuned models generally produce more accurate output, with incorrect pre-
dictions highlighted in red to clearly show where each approach fails. These
qualitative results complement quantitative metrics by showing how different
training strategies and tokenizers handle real Khmer text recognition tasks.

Overall, the comparative results in Table E demonstrate that fine-tuning
pretrained models consistently outperforms training from scratch across both
tokenization approaches, with improvements of 55-61% in CER and 36-44%
in WER. The XMLRoberta tokenizer showed slightly better performance than
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NLLB in both experimental settings, suggesting that tokenizer choice can in-
fluence recognition accuracy for Khmer script. Despite the script mismatch be-
tween the original Latin-script training data and the Khmer target script, trans-
fer learning proved highly effective, underscoring the generalizability of learned
visual-textual representations. These findings highlight the importance of lever-
aging pretrained models in low-resource scenarios and demonstrate the potential
of cross-lingual OCR frameworks when appropriate domain-specific adjustments
such as tokenization and processor customization are applied.

4.3 Discussion and Limitation

Scene Text Detection. The comparative results between training from scratch
and fine-tuning reveal critical trade-offs in both computational efficiency and
detection accuracy. Training the YOLOv11 model from scratch required a sig-
nificantly higher computational budget, consuming 113.7 GFLOPs per inference
and 63 hours of training. In contrast, fine-tuning a pretrained YOLOv11s model
dramatically reduced both metrics, requiring only 21.3 GFLOPs and 24 hours of
training. This represents a reduction of over 80% in FLOPs and more than 60%
in training time. Despite the lower computational cost, the fine-tuned model
achieved superior detection performance across all evaluation metrics, including
higher mAP50 (0.889 vs. 0.852) and mAP50-95 (0.583 vs. 0.565), highlighting
the effectiveness of leveraging pretrained features even for domain-specific tasks
like Khmer text detection. This efficiency and performance trade-off underscores
the practical value of transfer learning, especially in low-resource settings where
computational constraints and limited labeled data are common. Fine-tuning
not only accelerates model convergence but also benefits from generalized vi-
sual representations learned from large-scale datasets, which can be effectively
repurposed for detecting text lines in complex scene contexts.

However, both models exhibited failure cases, particularly under challenging
visual conditions. As shown in Fig. f§, common failure modes include missed
detections of low-contrast text lines, horizontal text lines, and false positives
in textured regions that visually resemble text. These issues are especially pro-
nounced in scenes with cluttered backgrounds, stylized Khmer fonts, or extreme
lighting variations.

While fine-tuning provides clear advantages in efficiency and overall perfor-
mance, training from scratch may still be beneficial in scenarios where the tar-
get domain significantly diverges from the source domain (for example, highly
stylized or script-specific text layouts). Ultimately, the choice between training
strategies should be guided by a balance between performance goals, available
computational resources, and the characteristics of the dataset.

Scene Text Recognition. Despite the strong performance gains achieved through
cross-lingual fine-tuning, several limitations remain in the Khmer scene text
recognition pipeline. First, although the pretrained TrOCR model was initially
trained on high-resource Latin-script datasets, it transferred reasonably well to
the Khmer domain. However, it still struggles to fully capture the complexity of
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Fig. 6: Samples of detection failure cases. Images (1) and (3) display the ground
truth bounding boxes highlighted in green, while the model predictions in images
(2) and (4) show yellow boxes for correct detections and red for missed ones.

the Khmer script. The script includes features such as stacked consonants, over-
lapping vowel signs, and numerous diacritical marks, all of which pose significant
challenges for encoder-decoder architectures. These structural complexities of-
ten lead to issues like merged characters or incorrect alignment during decoding,
particularly in images with low contrast or visually cluttered backgrounds.

Another important limitation lies in the tokenizer design. Although both
the NLLB and XMLRoberta tokenizers showed relatively strong performance,
they are not specifically designed for the Khmer language. The small differ-
ence in performance between the two (with XMLRoberta slightly outperforming
NLLB) indicates that a tokenizer tailored to the structure of Khmer could fur-
ther enhance recognition accuracy. Current tokenizers treat Khmer text as a
single block of characters, without accounting for important internal compo-
nents such as consonant clusters or dependent vowels, which are essential for
precise recognition.

From a training perspective, models trained from scratch underperformed
significantly compared to fine-tuned ones. While this is expected in low-resource
scenarios, it points to the difficulty of learning robust visual-textual mappings
for complex scripts like Khmer without leveraging prior knowledge. However,
both models showed notable failure cases, especially under challenging visual
conditions. In particular, they struggled with freestyle handwriting and irreg-
ular horizontal text lines, which introduce high variability in character shapes,
spacing, and alignment. This variability makes it difficult for the models to learn
consistent visual-textual patterns. As illustrated in Fig. [1], freestyle writing of-
ten features uneven strokes, overlapping characters, and inconsistent baselines,
while irregular horizontal lines can be skewed or distorted. These complexities
frequently result in character misclassification or decoding errors. This limita-
tion underscores the need for more diverse and representative training data,
especially samples that include handwritten and stylized Khmer text. Future
work could also explore the development of Khmer-specific tokenizers and hy-
brid architectures that better model the script’s visual and linguistic structure.
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Fig. 7: Sample of recognition failure cases. Challenges include freestyle hand-
writing with irregular shapes, horizontally aligned text with low contrast, and
curved text lines, all of which contribute to reduced recognition accuracy.

Addressing these challenges is crucial for building more accurate and resilient
OCR systems tailored to Khmer and other low-resource scripts.

5 Conclusion

In conclusion, this research work demonstrates the viability of cross-lingual
transfer learning for addressing STDR challenges in Khmer, a low-resource lan-
guage with complex linguistic characteristics. Our investigation reveals that pre-
trained models from high-resource languages can be successfully adapted to
handle the unique features of Khmer script, including its stacked consonants,
intricate ligatures, and context-dependent vowel diacritics. The experimental
results confirm that fine-tuning state-of-the-art architectures on limited anno-
tated Khmer data yields significant improvements in both accuracy and gen-
eralization compared to training from scratch. This approach not only reduces
data requirements but also leverages rich feature representations learned from
extensive multilingual datasets. This is particularly valuable given the scarcity
of large-scale annotated datasets for Khmer and similar low-resource languages.
Our findings highlight both the promise and challenges of adapting existing OCR,
architectures to complex scripts with rich visual structures and limited linguistic
resources. The work contributes to broader understanding of how deep learning
models can be adapted across linguistically diverse scripts, moving beyond tra-
ditional focus on Latin-based languages and opening possibilities for developing
OCR systems for other underrepresented scripts.

Future research will focus on developing model architectures specifically tai-
lored to the structural and visual complexities of the Khmer script for STDR.
This includes designing modules that more effectively handle character stacking,
ligature composition, and diacritic placement. Additionally, we plan to enhance
training by incorporating large-scale synthetic Khmer scene text datasets. This
data augmentation strategy will improve model robustness and generalization
to real-world conditions, particularly where annotated data is limited.
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