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Thai handwritten optical character recognition (OCR) remains a challenging task due to variations in writing styles, character connectivity, and the complexity of the Thai

writing system. Transformer-based Optical Character Recognition (TrOCR) is a state-of-the-art deep learning architecture that enables end-to-end text recognition without explicit
character segmentation. In this study, we adopted TrOCR to convert Thai handwritten images into text. A SentencePiece Unigram tokenizer with a vocabulary size ot 30,000 was
employed to provide etfective subword representations, enabling the model to better handle out-of-vocabulary words and misspellings. A model pretrained on English

handwritten data was fine-tuned using Thai handwritten datasets to leverage transter learning. The proposed approach was evaluated on an independent Thai handwritten test

set. It achieved a character error rate (CER) of 0.4244, character accuracy of 0.7416, and sequence match accuracy of 0.6614. The experimental results demonstrate that the

proposed model outperforms baseline systems, including OpenThaiGPT, EasyOCR, and Tesseract. Furthermore, the use of subword tokenization significantly contributed to
performance improvement.
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Overall, the findings confirm that combining Transtormer-based architectures with subword tokenization is an effective strategy for Thai handwritten OCR. The proposed approach

demonstrates that a Transformer encoder-decoder framework can accurately recognize Thai handwritten text while maintaining robustness to linguistic complexity. Beyond its
performance, this work provides a foundation for extending handwritten text recognition to other low-resource languages. It also supports the digital preservation of linguistic and

kcultural documents in Thailand by enabling the conversion of handwritten materials into accessible digital text.
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