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Application of label clustering loss in the classification of remote sensing images

SU Fu, YU Haipeng, ZHU Weixi
( Southwest Petroleum University School of Elecirical Engineering and Information, Chengdu 610500, China)

Abstract; Scene information of remote sensing images has important application value in image interpretation and
actual production and life in various fields. In view of the characteristics of remote sensing images with large intra —
class differences and small inter — class differences, this paper further studies the center loss function and proposes
a new label clustering loss function. Firstly, the class center is initialized by using the class label center
initialization method. Secondly, the sinusoidal attenuation learning rate is used to keep the stability of the class
center in the preheating stage. Then, Euclidean distance and cosine distance are used to gather the intra — class
features and keep them away from the class center. Furthermore, two network models, VGG16 and ResNet50, are
used to verify on NWPU — RESISC45 data set,

Experiments show that the method proposed in this paper can effectively cluster the features and separate class

and the accuracy is improved by 2.3% and 5. 7% respectively.

centers, and improve the accuracy of the network model, which has a certain development prospect in the

classification of remote sensing images.
loss function; distance between classes; intra — class

Keywords; parameter initialization; remote sensing image ;

distance
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