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The manifold embedded selective pseudo-labeling algorithm and
transfer learning of small sample dataset

WANG Yaoli', LIU Xiaohui', LI Bin*, CHANG Qing'

(I.Coﬂege of Information and Computer, Taiyuan University of Technology, Taiyuan 030024, China; j

9 M b

2.School of Marine Science and Technology, Northwestern Polytechnical University, Xi’an 710072, China

Abstract: Special scene classification and identification tasks are not easily fulfilled to obtain samples, which re-
sults in a shortage of samples. The focus of current researches lies in how to use source domain data (or auxiliary
domain data) to build domain adaption transfer learning models and to improve the classification accuracy and per-
formance of small sample machine learning in these special and difficult scenes. In this paper, a model of deep con-
volution and Grassmann manifold embedded selective pseudo-labeling algorithm ( DC-GMESPL) is proposed to ena-
ble transfer learning classifications among multiple small sample datasets. Firstly, DC-GMESPL algorithm uses sat-
ellite remote sensing image sample data as the source domain to extract the smoke features simultaneously from both
the source domain and the target domain based on the Resnet50 deep transfer network. This is done for such special
scene of the target domain as the lack of local sample data for forest fire smoke video images. Secondly, DC-GMES-
PL algorithm makes the source domain feature distribution aligned with the target domain feature distribution. The
distance between the source domain and the target domain feature distribution is minimized by removing the correla-

tion between the source domain features and re-correlation with the target domain. And then the target domain data
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is pseudo-labeled by selective pseudo-labeling algorithm in Grassmann manifold space. Finally, a trainable model is
constructed to complete the transfer classification between small sample datasets. The model of this paper is evalua-
ted by transfer learning between satellite remote sensing image and video image datasets. Experiments show that DC-
GMESPL transfer accuracy is higher than DC-CMEDA , Easy TL, CMMS and SPL respectively. Compared with our
former DC-CMEDA , the transfer accuracy of our new DC-GMESPL algorithm has been further improved. The trans-
fer accuracy of DC-GMESPL from satellite remote sensing image to video image has been improved by 0.50% , the
transfer accuracy from video image to satellite remote sensing image has been improved by 8.50% and then, the

performance has been greatly improved.

Keywords: transfer learning ; domain adaptation ;deep convolution neural networks ;small sample dataset ;forest fire

smoke features
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