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Abstract

This paper aims to develop a framework that can fully automate the quality management of training data used in large-scale
Artificial Intelligence (AI) models built by the Ministry of Science and ICT (MSIT) in the 'Al Hub Data Dam' project, which has
invested more than 1 trillion won since 2017. Autonomous driving technology using Al has achieved excellent performance
through many studies, but it requires a large amount of high-quality data to train the model. Moreover, it is still difficult for
humans to directly inspect the processed data and prove it is valid, and a model trained with erroneous data can cause fatal
problems in real life. This paper presents a dataset reconstruction framework that removes abnormal data from the constructed
dataset and introduces strategies to improve the performance of Al models by reconstructing them into a reliable dataset to
increase the efficiency of model training. The framework's validity was verified through an experiment on the autonomous driving
dataset published through the AI Hub of the National Information Society Agency (NIA). As a result, it was confirmed that it
could be rebuilt as a reliable dataset from which abnormal data has been removed.
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Fig. 2. Example of miss labeled data filtered through the Cleaning framework
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Fig. 4. Example of miss labeled data filtered through the Cleaning framework
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Fig. 5. Example of data that lack label filtered through the Cleaning framework

(a) Ground Truth Result

(b) One of Cleaning model’s Prediction Result
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Fig. 6. Example of data that lack label filtered through the Cleaning framework
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