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Fig.1 Scheme Illustration of MJSLR
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Tab.1 Accuracy Performance on MJSLR
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High Resolution Remote Sensing Image Classification Using Multitask
Joint Sparseand Low-rank Representation

LIU Wenzuan' QI Kunlun' WU Baiyan® WU Huayi'

1 State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan University, Wuhan 430079, China

2 School of Architecture and Urban Planning, Hunan University of Science and Technology,Xiangtan 411201, China

Abstract; Multitask learning is one of the machine learning methods, that trains multiple tasks in par-
allel using information sharing among the tasks. A high resolution remote sensing images classifica-
tion model using multitask joint sparse and low-rank representation (MJSLR) is proposed in this pa-
per. The model is a non-smooth convex optimization problem, which contains a convex smooth func-
tion and the two convex but non-smooth regularization terms. The accelerated proximal gradient
method solves the optimization problem. An experiment is performed with UC Merced Land Use
Dataset, with comparisons of accuracies between multitask learning and the single task learning . Ex-
perimental results show that the proposed method is competitive with Multiple Kernel Learning
(MKL) and the Multitask Joint Sparse Representation(MJSR) methods, which demonstrates the ef-
fectiveness of the MJSLR method.

Key words: multitask learning; sparse representation; low-rank structure; remote sensing images;

image classification
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support vector regression (SVR) model combining with MODIS imagery. Lastly, the accuracy of esti-
mation results was verified using field survey data and airborne LiDAR canopy height. The result
show : slope levels in the study area directly impacted based-GILAS canopy height estimation accuracy.
The improved topographic correction model could relieve the influence of topography on based-GILLAS
canopy height estimation, and the RMSE of estimation result ranged from 3.25m to 3.48m. In differ-
ent ecological zones, SVR model estimation accuracy was stable and the RMSE ranged from 6.41m to
7.56m. Compared with arithmetic mean height, Lorey's height was closest to the estimation result and
the average estimated accuracy of 80.3% in different ecological zones. The average estimated accuracy
verified with airborne LIDAR metric height was 79.5% and consistence with Lorey's height.

Key words: canopy height; slope; multi-source remote sensing data; topographic correction; support

vector regression; ecological zones

First author: HU Kailong, PhD candidate, specializes in forest remote sensing and LiDAR. E-mail: hklong_gis@163.com
Corresponding author: LIU Qingwang, PhD, assistant researcher. E-mail: liugw@caf.ac.cn

Foundation support: The National High Technology Research and Development Program of China, No.2013AA12A302; the National
Basic Research Program, No. 13CB733404.



