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Learning distance metrics with dimension constraints
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(School of Information Technology, Shanghai Key Laboratory of Multidimensional Information
Processing, East China Normal University, Shanghai 200241, China)

Abstract: In order to improve the classification accuracy, the new representation of
samples can be gotten by distance metric learning. According to mahalanobis distance does
not take the difference of the relativity between different classes of sample dimensions into
consideration. A new supervised distance metric learning algorithm called independent
discrimi-native component analysis(I-DCA) is proposed and applied to classify the motor
and sensory nerve based on k nearest neighbor (kKNN) algorithm. By contrast, the article
also involves the analysis of two existing distance metric learning algorithms in detail, the
relevant component analysis (RCA) and the discrimi-native component analysis(DCA).
Compared with the mahalanobis distance, the results indicate that the classification
precision of the improved algorithm increases by nearly 45%, and it is also greater than
15% compared to the RCA and DCA method. The improved classification precision shows
the effectiveness of the new algorithm applied in nerve classification.
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Fig.1 Schematic illustration of the space transformation
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Fig.2 An illustrative example of the RCA and DCA algorithm
(a) The fully labeled data set with 3 classes; (b) The original data after applying the RCA

transformation; (c¢) The original data after applying the DCA transformation.
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Fig.3 An illustrative example of the I-DCA algorithm
(a) The fully unlabeled data set; (b) Random labeled train data set; (¢) The whitening trans-
formation applied to train data; (d) The fully labeled data set with 3 classes; (e) The original
data after applying the mahalanobis distance; (f) The original data after applying the I-DCA

transformation.
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Tab. 1 The data type name and quantity

] BB
1 Motor_axone(2000)
2 Motor_medullary_sheath(2000)
3 Sensory_axone(2000)
4 Sensory_medullary_sheath(2000)
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Tab. 2 Overall kNN classification precision comparing
train% | test%  Euclidean distance%  Mahalanobis distance% I-DCA% RCA% DCA%

10]90 86.5 53.61 86.28 69.92 71.83
k=1 30|70 94.16 59.41 93.87 74.42 77.33
50/50 96.3 62.42 95.98 75.81 78.31
10|90 81.72 53.26 81.47 72.07 73.07
k=5 30|70 90.34 61.70 90.26 77.16 78.27
50|50 93.65 65.09 93.38 79.59 79.53
10]90 77.66 51.67 77.16 70.81 73.12
k=10 30|70 86.79 58.77 86.63 75.81 77.22
50|50 90.63 63.81 90.57 77.62 79.32
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