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Abstract: Dimensionality reduction becomes a significant problem due to the proliferation of high dimensional
data. For dimensionality reduction, feature selection is more analytical than feature extraction. Therefore feature
selection plays an important role in pattern recognition. In recent years, many feature selection methods based on
manifold learning have been proposed. However, such methods are susceptible to noise data. Therefore, an efficient
unsupervised feature selection method is proposed —joint low-rank representation and graph embedding for
unsupervised feature selection (JLRRGE). This method not only finds the low rank structure of the data after
selecting feature, which makes the algorithm more robust, but also preserves the local manifold structure of the data
through the adaptive graph embedding. The experimental results show that the proposed algorithm is superior to

other compared methods.
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Fig.1 Convergence experiments on JAFFE and MFEA datasets
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Tab.l1 Summary of the benchmark data sets
No. Dataset Sample Feature Label
1 COIL20 1440 1024 20
2 ORL32 400 1024 40
3 JAFFE 213 676 10
4 UMIST 575 644 20
5 MFEA 2 000 240 10
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Fig.2 Parameter sensitivity on different datasets
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Tab.2 Aggregated classification results measured by accuracy of the

compared methods on COIL %
FECEL LA /% LS MCFS UDFS SOGFS JLRRGE
10 7846 8320  85.38 86 87.69
20 86.38  93.97 93.10 93.36 93.36
30 86.57 9490  96.37 95.20 96.08
40 89.88  97.16 97.27 94.55 98.75
Average 8532 9231 93.03 92.28 93.97
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Tab.3 Aggregated classification results measured by accuracy of the

compared methods on ORL %
v ECEL L A51/% LS MCFS UDFS SOGFS JLRRGE
10 3139 4639 4972 5139 52.22
20 40.63  63.13 65 70.63 68.75
30 61.79 7679 7107 7429 78.21
40 60.83 8042  77.08 80 82.08
Average 48.66 66.68 6572  69.08 70.32
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Tab.4 Aggregated classification results measured by accuracy of the

compared methods on JAFFE %
HECECE /% LS MCFS UDFS SOGFS  JLRRGE
10 7823 9482 9534 96.89 98.45
20 89.60  99.42 9827 100 100
30 96.73 100 99.35 98.69 100
40 97.74 9925  99.25 99.25 100
Average 90.56 9837  98.05 98.71 99.61
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Tab.5 Aggregated classification results measured by accuracy of the

compared methods on UMIST %
B L% LS MCFS UDFS SOGFS JLRRGE
10 45.61 57.20 57.57 55.70 58.32
20 70.53  87.58  85.68 84.42 87.16
30 76.87  90.84 87.95 86.02 89.40
40 88.45 97.18 9521 96.34 96.34
Average 70.37 83.20 81.60 80.62 82.81
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Tab.6 Aggregated classification results measured by Accuracy of the

compared methods on MFEA %
FECELLLA/% LS MCFS UDFS SOGFS JLRRGE
10 90.44 9322  91.89  92.89 93.28
20 9375 94.56  92.63  94.63 95.37
30 9486 96.14  92.64  96.29 96.36
40 9443 9550 9242 9542 96.50
Average 9337 94.86 9240  94.81 95.38
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