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Pattern Recognition by Compression of High Dimension Vectors and
Weighted K-Nearest Neighbor Rule

OsAMU HasEcAawaAtit-tit and TAKIO KURITAf

This paper proposes a simple method for multi-class pattern classification by combined use
of Multinomial Logit Model (MLM) and wieghted K-nearest neighbor rule (K-NN). MLM is
one of the generalized linear models and is one of the simplest neural networks for multiple-
class pattern recognition. K-NN is a simple but powerful non-parametric classification tool
whose error probability does not exceed double of “Bayes error”. However, it is also known
that such high performance of K-NN reduces if the number of dimensions of input feature
vector space is large. Therefore, first we train MLM using the training vectors, and then
apply weighted K-NN to the output vecto of the MLM. By this, since K-NN is applied to the
compressed low dimension vectors, it is expected not only to bring out natural performance of
K-NN but also to shorten computation time. Evaluation experiments were conducted by us-
ing non-artificial samples extracted from the handwritten character image database “ETL6”.
Those are (1) 36-classes (number + English capital letter), and (2) 82-classes (number +
English capital letter + “katakana” letter). Consequently, we obtained the following recog-
nition rates: (1) 36-classes: 7,200 unknown samples = 100.0%, and (2) 82-classes : 16,400
unknown samples = 99.93%.
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Fig.1 Structure of Multinomial Logit Model.
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2. Multinomial Logit Model: MLM
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Fig.2 Examples of “A” extracted from handwritten
English capital letter images in ETL6.
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Fig.3 4-direction edge image. (30x30 pixel size. Two

images of the left side column are extracting the
horizontal direction features, and two images of the
right side column are extracting the vertical fea-

tures.)
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Fig.4 Visualized 7,200x900 size matrix constituted from

7,200 basic feature vectors.
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Fig.5 Examples of Kernel feature vectors for training.
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Fig.6 Examples of Kernel feature vectors for test.
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Fig.7 Transition of generalization performance in train-
ing process. (An example of the case that a MLM
is trained using 36-class basic feature vectors.)
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Fig.8 Change of recognition rate to the data for training
by changing parameters.
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changing parameters.
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Table 1 Comparison of recognition rate by using basic fea-
ture vector and Kernel feature compound vector
(36 classes).
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Fig. 10 Comparison of recognition rate by using basic fea-
ture vector and Kernel feature compound vector
(36 classes).
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Table 2 Comparison of recognition rate by using basic
feature vector (82 classes).
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Fig.11 Comparison of recognition rate by using basic

feature vector (82 classes).

0000000000000000000 K-NNO
000000000000000000000000
000000000000 K-NNODOODODOOO
00000000D000000 103010020
200000000000000000000
000000000008200000000000
000000000000 K-NNODOODOOOO
000000000000 200001100000
0010000100000000000000 (3)
000000000000000000000000
000000000000 000000000000
0000 MLMODOODOO KNNODOOOOOOD
0000000000 0000000
36000000000000000000000
000000000000000000000000
00000000000 0000000000000
ODO0OO0OMLMOOOOOOD 3000000000
000 K-NNOOOODODOODODOODOOO0O0ODooo
0000000000 0000000
54.2 00000000000000OO0OO0
000000000000
10000000000000000000000
000000000000000000000000
000000000 00000000000000D0
000000000000000000000000
00000000000 ®905105.3000000
000000000000000000000000



Vol. 44 No. SIG 9(CVIM 7)

s, .

012 0JO0O0O0O0O0O00O0OO0OO0O036000000000 MLM
goooooooOoooobooooooboooon
Fig.12 Weight of coefficient obtained by MLM learned
with Kernel feature compound vector (36 class):
vertical axis corresponds to weight.
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