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Deep learning has demonstrated its effectiveness in solving a wide range of challenges
spanning various domains, including aerial image analysis. To detect paddy fields in Taiwan
region, we have developed several approaches using deep learning technologies. These
approaches have yielded a high kappa score of above 0.9. However, there are several images
that have relatively low classification accuracy due to high intra-class variance, low inter-
class variance, and unseen parcel patterns. To improve the model's performance, we suggest
dividing the rice class into specific subclasses based on its features. This will make the

model more sensitive to fine-grain features within subclasses, thereby reducing high intra-



class variance in the rice class. Furthermore, we will utilize a deep learning and rule-based
approach to identify unseen parcel patterns in aerial images. These unseen parcel patterns,
along with the typical parcels, will be used in the training process for rice classification. This
approach is precious in addressing the challenge posed by new or outlier parcel patterns,

which often emerge due to limited training data that carries unique features.



