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Implementation of Lung Nodule Detection Model Based on
Incremental Meta-Learning
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[ Abstract ] In response to the issue that traditional lung nodule detection models cannot dynamically optimize and
update with the increase of new data, a new lung nodule detection model—task incremental meta-
learning model (TIMLM) is proposed. This model comprises of two loops: the inner loop imposes
incremental learning regularization update constraints, while the outer loop employs a meta-update
strategy to sample old and new knowledge and learn a set of generalized parameters that adapt to old
and new data. Under the condition that the main structure of the model is not changed as much as
possible, it preserves the old knowledge that was learned previously. Experimental verification on the
publicly available lung dataset showed that, compared with traditional deep network models and
mainstream incremental models, TIMLM has greatly improved in terms of accuracy, sensitivity, and other

indicators, demonstrating good continuous learning and anti-forgetting capabilities.
[Key words] pulmonary nodule, meta-learning, incremental learning, pulmonary CT images
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