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Abstract

RDA(Relational Discriminant Analysis) is a way of finding classifiers based on the dissimilarity measures among the
prototypes extracted from feature vectors instead of the feature vectors themselves. Therefore, the accuracy of the RDA
classifier is dependent on the methods of selecting prototypes and measuring proximities. In this paper we propose to
utilize PRS(Prototype Reduction Schemes) and Mahalanobis distances to devise a method of increasing classification
accuracies. Our experimental results demonstrate that the proposed mechanism increases the classification accuracy
compared with the conventional approaches for samples involving real-life data sets as well as artificial data sets.
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dataset.
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PNN® Ayells 27 29 (613 [ d2AFE (Nonn2 dlol8E Ae 2 Z59 dlolgd s
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z7] MHE A9g g, LVQ3 BYY dugFo=
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e, AF deles 4-48 WAn= goleE o | BT Al St
v Table 3. The classification accuracy rates (%) of the
Aog TZRENS &3 Ag Aues 1 29 2 feature-based classifiers with the CNN, PNN,
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7] HellMe A2 o] ZREEC] vttt CNN, Dataset | Dataset OorRG | onN | NN | HYB
PNN, HYBZo| A Random, Non_n2, Iris?, Adult4®] © Types | Names
olEl] HEINE HYB7L 78 Ao +o ZzEgqe Antificia] | F2dom_| 9650 %620 | %75 | 8950
#2393, lonosphere, Arrhythmiac]AlE PNNo| 7} NOI.UQ 9250 91.90 92.10 | %400
¥ AEHOE Z2ERIAS FIoH, Ion::iere 3222 :?(8)(2) Z;lg 2342
] o . : . : .
jjj‘ = fiﬂ 3 G :iﬂiﬁﬁ g}ou}z‘% Real-life | Sonar | 8221 | 7981 | 8269 | 8077
i}* ]: B el gste] vl }tg e = Arrhythmia] 9756 | 9647 | 9.12 | 9912
A= 2kl A RDAS 48 des dustsin. of Adultd | 9340 | 9158 | 8936 | @278
o A7l NN 487] (k-NNellA k=12 3 21E7])
E 4. AE diolefol ofst HEHME dhg 0|88t 7|
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RoRRH FEot Z2EEY YE Table 4. The classification accuracy = rates(%) of the
Table 2. The number of prototype vectors extracted from - conventional dissimilarity-based classifiers with the
experimental datasets using CNN, PNN, and HYB. random selections on the experimental datasets.
Tyoes | Name | OW | PN | VB N (50 100 [ 0 [0 [T 1B
Astificial Random 36, 30 30, 25 18, 15 Random [82.90| 8458 | 81.33 | 84.30 | 875 | 840
Non_n2 64, 66 56, 380 63, 57 Nonn2 |9%.14| 9450 | 9508 | 94.92 | 95.07 | 9499
Iris2 15, 12 10, 7 6, 8 Iris2 7580 8940 | 7620 | 90.20 | 76.10 | 9040
Ionosphere 51, 42 37, 33 44, 46 Ionosphere | 69.80 | 86.14 | 6946 | 86.05 | 70.09 | 86.14
Real-life Sonar 92, 53 34, 33 53, 59 Sonar [56.11| 69.81 | 5534 | 69.33 | 55.72 | 6947
Arrhythmia { 32, 28 8 7 65, 69 Arrhythmia| 880 | 9301 | 7752 | 9358 | 8274 | 9511
Adult4 795, 752 | 659, 668 | 430, 448 Adultd |7316| 1829 | 7314 | 1827 | 7269 | 1842
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