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context of a country is intertwined with many other historical contexts,
it is difficult to categorize them with clear criteria. Since the generated
image does not contain a wide range of features, it is difficult to dis-
tinguish between them, so it is expected that increasing the dataset will
significantly improve the performance of learning various features from
the feature map. To improve performance, we plan to generate images
with more complex features and apply methods such as negative
prompts to improve performance.

Conclusions
The method proposed in this study is to automatically manage cultural
heritage materials with varying amounts of information by analyzing
their associations with images generated using textual information.
This study suggests that it can make a significant contribution to the
classification of cultural heritage, not by competing for high perfor-
mance but by its potential impact. We have adopted a method that
moves beyond traditional approaches of classifying and managing
cultural heritage solely based on textual information by integrating
various algorithms. This approach will also be useful for quickly iden-
tifying the relevance of new information and automatically categorizing
it as it is added. This is the first step towards reducing the cost and time
of large-scale retrieval systems, and will lead to more sophisticated and
efficient management.

In future work, we will include classes not covered in our experiments
and improve the classificationperformance of abstract classes.Metadata not
used in the research will also be further refined and continually updated to
MUCH. We will apply these improvements to an automated system to
validate their effectiveness. The expanded system will contribute to
improving the digital archives of cultural heritage and serve as a new starting
point for various interdisciplinary research efforts.

Data availability
Data is available from the corresponding author upon reasonable request.
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