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Abstract

In this study, we introduce a design of Fuzzy RBFNNs-based digit recognition system using the incremental-PCA
in order to recognize the handwritten digits. The Principal Component Analysis (PCA) is a widely-adopted dimen-
sional reduction algorithm, but it needs high computing overhead for feature extraction in case of using high di-
mensional images or a large amount of training data, To alleviate such problem, the incremental-PCA is proposed
for the computationally efficient processing as well as the incremental learning of high dimensional data in the
feature extraction stage. The architecture of Fuzzy Radial Basis Function Neural Networks (RBFNN)
consists of three functional modules such as condition, conclusion, and inference part. In the
condition part, the input space is partitioned with the use of fuzzy clustering realized by means
of the Fuzzy C—Means (FCM) algorithm, Also, it is used instead of gaussian function to consider
the characteristic of input data, In the conclusion part, connection weights are used as the ex—
tended diverse types in polynomial expression such as constant, linear, quadratic and modified
quadratic, Experimental results conducted on the benchmarking MNIST handwritten digit data—
base demonstrate the effectiveness and efficiency of the proposed digit recognition system when
compared with other studies,

Key Words : Digit Recognition, Fuzzy RBFNNs Pattern Classifier, Incremental-PCA, Fuzzy
C—Means(FCM), Least Square Estimation(LSE)
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Fuzzification Coefficient 2.0
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Polynomial Type Linear
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Table 4. Performance evaluation of classifier using MNIST  digit

database
Classifier Pre—' dasifiction
processing rate(%)
Linear Classifier(1-layer NN)  [6] None 88.0
Linear Classifier(1-layer NN)  [6] Deskewing 91.6
K-nearest neighbors, Euclidean [6] None 95.0
K-nearest neighbors, Euclidean [6] Deskewing 97.6
PCA(40)+Quadratic Classifier  [6] PCA 96.7
1000RBF+Linear Classifier [6] None 90.4
2-layer NN, 1000 Hidden units [6] None 95.5
3-layer NN, 500+150 Hidden units[6] None 97.1
Convolutional nets LeNet-1  [6] Subsam;.)ling 98.3
16x16pixels
Convolutional nets LeNet-4  [6] None 98.9
Proposed recognition system

(No, of dimensional reduction : 68, No, of rules : 45)
PCA(68) + Fuzzy RBFNNs(45) PCA 98.18
(2D)’PCA(68) + Fuzzy RBFNNs(45) (2D)°PCA 98.21
IPCA(68) + Fuzzy RBFNNs(45) IPCA 98.18
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