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Figure 1 Model frame diagram
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Table 2 Average classification accuracy of different

methods on Extended Yale B
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ik FEAKL 10 BFEASKL 15 BEARKL 20 BEASEL 25
LRDLSR 83.30  88.34  91.77 93.52
FDLSR 89.78  92.06  94.38 95. 74
SALPL 73.85  84.86  89.70 91.72
CDPL 74. 65 82.10  85.78 87.58
DLSR 85.99  89.77  92.22 94. 58
ReLSR 83.77  88.74  91.01 93.32
SN-TSL 81.19  88.97  93.04 95. 12

LRSR-eLSR 88.65 92.13 95.03 96. 47
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Table 5 Average classification accuracy of different

methods on MNIST
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Table 3 Average classification accuracy of different

methods on LFW
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B R a0 B 60 B 80 FEAH 100
LRDLSR 79. 57 80. 59 80. 01 81.16
FDLSR 77.96 78.26 78.78 80. 53
CDPL 72.02 72.39 73.22 75.22
DLSR 80. 81 80.92 80. 12 81.99
SN-TSL 77. 40 79. 60 79. 08 80. 87

LRSR-eLSR 81.39 83.01 83. 60 84.76
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SALPL 23.95 26. 86 28.77 31.01
CDPL 23.54 25. 16 27.77 30. 55
DLSR 28. 64 29.52 30.71 31. 39
ReLSR 25.68 27.70 29.72 33.20
SN-TSL 27.83 28.22 28.27 29. 61

LRSR-eLSR 32.12 34.42 34.53 36.93
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Table 4 Average classification accuracy of different
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LRSR-eLSR 92. 67 96. 42 98. 20 98. 38
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Figure 2 Acc of LRSR-eLSR when adjusting a single parameter
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Figure 3 Acc of LRSR-eLSR with different parameter combinations
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Low-rank Sparse Representation Based on Elastic Least Squares Regression Learning

WU Jigang, LI Miaojun, ZHAO Shuping

(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract; In order to overcome the disadvantage that the redirected least squares regression model might destroy the
structure of the regression target, a low-rank sparse representation based elastic least squares regression learning
(LRSR-eL.SR ) model was proposed. The model based on the least squares regression, but did not use the strict 0-1
label matrix as the target matrix. Instead, it introduced the margin constraint to directly learn the regression objec-
tive from the data, which could increase the flexibility of the regression model while maintaining the regression tar-
get structure. Moreover, in order to capture the structure information of the data, a low rank representation of the
data was used to maintain the structure of the data. In the process of calculation, considering the complexity of the
problem, the kernel norm regularization was used instead of the rank function. In addition to this, the model intro-
duced a sparse error term with a L, ;-norm to compensate for regression errors, which facilitates learning more flexi-
ble transformations. The model also imposed additional regularization terms on the projection matrix to avoid over-
fitting. The experimental results showed that the recognition accuracy of the model in this paper is better than that
of other methods on four published datasets. The recognition rate could be up to 98% in the COIL-20 dataset.

Keywords: sparse representation; least squares regression; low-rank representation; flexibility; sparse error

term

(R4S 11 30)
Review and Dynamic Development Analysis of Control Strategies on

Two-degree-of-freedom Motor

SI Jikai', LIU Shiyan', NIE Rui', WANG Peixin', SU Peng’

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. School of Electrical Engi-
neering, Hebei University of Technology, Tianjin 300130, China)

Abstract; An examination on studies of the control of a two-degree-of-freedom motor can improve its performance,
and is of high theoretical and practical value. This study reviewed the control strategies for various types of two-de-
gree-of-freedom motors, including induction, permanent magnet, switched reluctance, and other types, based on
their structures. The study also classified the control strategies used in these motors as open-loop or closed-loop,
analyzed the advantages and disadvantages of different strategies, and summarized the application development of
two-degree-of-freedom motor control based on the requirements of relevant fields such as automobiles, medical, in-
dustrial, robotics, new energy, and military. Finally, based on the theoretical research and practical needs, this
study discussed the future development trends of two-degree-of-freedom motor control from four aspects: decou-
pling, systematization, intelligence, and low-speed high-precision control.

Keywords: two-degree-of-freedom motor; vector control; PID control; decoupling control; intelligent control; dy-

namic development analysis



