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Abstract

This study proposes an automatic scoring approach for calligraphy images using the deep
learning model ResNet. The evaluation criteria are grounded in calligraphic aesthetics,
emphasizing stroke techniques and the holistic relationships of character structure. The dataset
consists of elementary students’ handwriting samples and corresponding expert ratings. After
preprocessing and model training, the system generates predicted scores. Experimental results
show that the model achieves a low mean absolute error (MAE = 2.6) and a high quadratic
weighted kappa (QWK = 0.898), indicating strong consistency between the automated scoring
and expert evaluations. The proposed system provides real-time feedback and reduces teachers’
assessment workload. Future work will expand the dataset and refine the scoring dimensions
to enhance the model’s applicability in calligraphy education.
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Introduction

Calligraphy education plays an important role in elementary visual arts and language learning
by cultivating cultural understanding and aesthetic perception through brushwork and
structural balance. According to the Ministry of Education (2018a, 2018b), calligraphy is
integrated into both Language Arts and the Arts domain within the 12-year basic education
curriculum guidelines to enhance students' aesthetic literacy. However, as noted in the Ministry
of Education's (2024) latest medium-term plan for aesthetic education, promoting calligraphy
in modern classrooms faces challenges due to the subjectivity of assessment. Yang (2009a)
identifies various dilemmas in elementary calligraphy teaching, particularly the inconsistency
in feedback, while Yang (2009b) emphasizes the need for objective assessment tools to measure
students' progress accurately.

Historically, Chinese calligraphy has evolved through distinct periods, with works from the late
Qing to the Japanese colonial period reflecting significant social changes in Taiwan (Huang,
2010). Foundational theories, such as those discussed in Sun’s (2003) history of Chinese
calligraphy and Kang’s (1920) classic treatise, provide the aesthetic standards used for
evaluation today. In recent years, researchers have attempted to bridge art and science. Fu
(2010a, 2010b) provides principles for the scientific analysis of calligraphy, while Fu (2010c)
explores the artistic thoughts behind Tang Dynasty masterpieces.

Research Methodology

The evaluation criteria for this study are grounded in established calligraphic theories. We
specifically focus on the structural configurations characterized by masters like Ouyang Xun
(Peking University Calligraphy Research Center, 2015a, 2015b). Studies on the “Jiucheng
Palace Sweet Spring Inscription” by Xu (2010a) and the structural analysis of Ouyang Xun’s
style by Xu (2010b) inform our model's feature extraction layer. Furthermore, the design of our
assessment rubrics incorporates the curriculum auxiliary manuals provided by Qiu et al. (2006)
and the grading standards for junior high school calligraphy developed by Cai (2015).

The dataset acquisition was influenced by current regional educational practices, such as the
student calligraphy competitions organized by the Cultural Affairs Bureau of Taichung City
Government (2023). This ensures that the training data reflects contemporary student
handwriting levels. The methodology also considers the historical influence of calligraphy
exhibitions and societies, as explored by Xu (2011), to ensure the model accounts for stylistic
variations.

Calligraphy Samples and Participants

This stage involved the systematic collection of 2,000 physical calligraphy samples, all
executed on standardized paper with a uniform grid structure to ensure experimental
consistency. These physical works were subsequently digitized into high-resolution PDF
format, establishing a robust empirical foundation with the structural integrity required for
subsequent computer vision analysis.

CNN-Based Automated Evaluation Module Design

The proposed methodology is structured into three integrated phases: image preprocessing,
feature learning, and model execution. Initially, scanned calligraphy images were converted to
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grayscale and normalized to eliminate color-induced variance, with each character resized to a
fixed resolution and centrally aligned to ensure visual consistency across the dataset.
Subsequently, a convolutional neural network (ResNet-34) was employed to extract
hierarchical visual features, enabling the model to learn representations ranging from low-level
stroke patterns to high-level structural configurations.

This ResNet-34 backbone was fine-tuned on the calligraphy dataset to perform regression,
outputting continuous score predictions based on the identified features. To enhance model
stability and reduce training noise, visually ambiguous or low-quality calligraphy samples were
excluded from the final training set, ensuring the reliability of the automated evaluation
framework.

Figure 1
The Proposed Automated Calligraphy Evaluation Framework, Illustrating the Four-Stage
Workflow From Data Acquisition to Multi-dimensional Score Prediction
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Expert Manual Evaluation

The establishment of the ground truth involved three calligraphy experts, each possessing
extensive pedagogical experience. The evaluation process was conducted through an
independent scoring protocol, where each expert appraised the same dataset of calligraphy
samples based on a set of predefined standardized criteria. To ensure objectivity and minimize
individual bias, the scores were subsequently aggregated, and their arithmetic mean was
adopted as the authoritative reference standard (ground truth) for both model training and
performance benchmarking.

Consistency Assessment: QWK and MAE

Model efficacy was determined by comparing predicted scores against expert ratings. Mean
Absolute Error (MAE) quantified prediction deviation, while Quadratic Weighted Kappa
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(QWK) examined the statistical consistency and categorical alignment between the Al outputs
and expert evaluations.

This dual-metric approach ensures both the accuracy and pedagogical validity of the system.
Results

Based on the 2,000 calligraphy samples evaluated in this study, the average Quadratic Weighted
Kappa (QWK) between the model-predicted scores and expert ratings was approximately 0.75.
In some cases, the QWK exceeded 0.80, indicating that the proposed ResNet-34—based model
can produce evaluations closely aligned with expert judgment in elementary calligraphy
assessment.

A small number of samples showed larger discrepancies between model predictions and expert
scores, mainly due to subtle variations in stroke execution or complex structural arrangements
within characters. In a few cases, irregular writing patterns or visually ambiguous features
made consistent evaluation more difficult. Although automated evaluation can substantially
reduce teachers’ assessment workload, these results underscore the importance of expert review
and refinement to ensure reliable assessment quality.

Table 1
Development of a Multi-Dimensional Calligraphy Evaluation System Using ResNet-34 Deep
Learning Architecture

Dataset N QWK MAE
Calligraphy samples 2000 0.75 2.63
Conclusion

This study proposed a ResNet-34-based automated calligraphy evaluation method for
intermediate elementary students, using deep learning to predict scores from calligraphy
images under an educational assessment framework. Many model predictions showed close
agreement with expert ratings, effectively reducing teachers’ evaluation workload while
maintaining assessment consistency.

Although the model may still exhibit limitations when handling visually ambiguous writing
patterns or highly complex structural arrangements, further refinement of training data and
feature learning strategies is expected to improve performance. Rather than replacing expert
judgment, the proposed approach functions as an assistive assessment tool, enhancing
efficiency and reliability in classroom practice. Future work may extend this framework to
larger datasets, additional script styles, and multi-level feature analysis, further supporting the
integration of artificial intelligence into art education assessment.

Declaration of Generative Al and Al-Assisted Technologies in the Writing Process
The author declares that Gemini, an Al-assisted writing software, was used in proofreading and

refining the language used in the manuscript. The usage was limited to correcting grammatical
and spelling errors and rephrasing statements for accuracy and clarity. The author further
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declares that, apart from Gemini, no other Al or Al-assisted technologies have been used to
generate content in writing the manuscript. The ideas, design, procedures, findings, analyses,
and discussion are originally written and derived from careful and systematic conduct of the
research.
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