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The Design of Polynomial Network Pattern Classifier based on
Fuzzy Inference Mechanism and Its Optimization
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Abstract

In this study, Polynomial Network Pattern Classifier(PNC) based on Fuzzy Inference Mechanism is designed and its
parameters such as learning rate, momentum coefficient and fuzzification coefficient are optimized by means of
Particle Swarm Optimization. The proposed PNC employes a partition function created by Fuzzy C-means(FCM)
clustering as an activation function in hidden layer and polynomials weights between hidden layer and output layer.
Using polynomials weights can help to improve the characteristic of the linear classification of basic neural networks
classifier. In the viewpoint of linguistic analysis, the proposed classifier is expressed as a collection of “If-then” fuzzy
rules. Namely, architecture of networks is constructed by three functional modules that are condition part, conclusion
part and inference part. The condition part relates to the partition function of input space using FCM clustering. In
the conclusion part, a polynomial function caries out the presentation of a partitioned local space. Lastly, the output of
networks is gotten by fuzzy inference in the inference part. The proposed PNC generates a nonlinear discernment
function in the output space and has the better performance of pattern classification as a classifier, because of the
characteristic of polynomial based fuzzy inference of PNC.

Key Words : Pattern Recognition, Pattern Classifier, Neural Networks, Polynomial Neural Networks, Radial Basis
Function Neural Networks, Polynomial Network Pattern Classifier.
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Fig. 1. Topology of PNC showing three modules of
condition, conclusion, and inference phases
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Fig. 3. Synthetic dataset
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Table 2. The result for the experiment of the Synthetic

dataset
dloje] €9} | ¥ 24| RBFNNs | L-PNC Q-PNC

2 |87.0% (39)] 88.3% (35) | 99.3% (2)
Type A

3 (846% (46)]94.0% (18) | 96.69% (1)

4 190.0% (30)| 99.6% (1) | 100% (0)
Type A FEEaT

5 |91.6% (25)| 98.0% (6) | 1009

2 |783% (65)| 99.3% (2) | 99.3% (2)

3 993% (2) | 93% (2 |9 “
Type B

4 | 99.0% (3) | 99.3% (2)

5 | 986% (4) | 993% (2) | ¢
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Fig. 4. Boundary of classification and membership value
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Table 3. The result of pattern classification

RBFNNs 66.66 +0 66.66 +0
2 L-PNC 9755 +0.5

Q-PNC 99.04 +0.54 9873 +251

RBFNNs | 9619 +0.54 97.77 +3.39
9 L-PNC 985 +0.74 98.09 +153

Q-PNC 9841 +1.67
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Fig. 5. Classification Rate versus the number of rules
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Fig. 6. The variance of Classification Rate(a), Learning
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Table 4. Comparison of the average performance of
several classification models

Classifier Model

Classification Rate(%)

45 [7] 94.0
FID3.1 (8] 9.0
NEFCLASS [9] 96.0
HNFB [10] 98.67
HNFQ [11] 98.67
HNFB-1 [12] 98.67

RBFNNs [13] 90.1

L-PNC(2 Rules) 97.55+0.5 99.36+1.08
Q-PNC(6 Rules) 99.04+0.54 | 99.04+1.74
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