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Abstract - In order to develop reliable on-site partial discharge (PD) pattern recognition algorithm, we introduce Type-2
Fuzzy Neural Networks (T2FNNs) optimized by means of Particle Swarm Optimization(PSO). T2FNNs exploit Type-2
fuzzy sets which have a characteristic of robustness in the diverse area of intelligence systems. Considering the on-site
situation where it is not easy to obtain voltage phases to be used for PRPDA (Phase Resolved Partial Discharge
Analysis), the PD data sets measured in the laboratory were artificially changed into data sets with shifted voltage
phases and added noise in order to test the proposed algorithm. Also, the results obtained by the proposed algorithm
were compared with that of conventional Neural Networks(NNs) as well as the existing Radial Basis Function Neural

Networks (RBFNNs). The T2FNNs proposed in this study were appeared to have better performance when compared to
conventional NNs and RBFNNs.

Key Words : Pattern Recognition, Partial Discharge, Dielectric Degradation, Type-2 Fuzzy Logic Systems, Type-2 Fuzzy
Neural Networks, Particle Swarm Optimization, PRPDA
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3.3 Type-2 Fuzzy Neural Networks
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Fig. 5 Particle structure for optimization of T2FNNs using
PSO
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Table 2 Experimental parameters for pattern recognition of
partial discharge
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Table 3 Experimental results for each dataset with 20% noise
No. of
Model Rules Training Test 1 Test 2 Test 3

(Nodes)
10 90.00+13.53 |90.00+13.6986.83+12.34 | 79.67+18.67

BP-NN 20 100.00£0.00 | 99.83+0.37 | 98.83+1.73 | 91.17+8.14

30 100.00+0.00 | 100.00+0.00] 100.00+0.00| 87.33+11.48

4 100.00+0.00 | 99.66+0.45 | 86.33+6.47 | 77.83+16.79

6 100.00+0.00 | 99.66+0.74 | 94.00+7.48 [90.33+10.74

8 100.00+0.00 | 99.66+0.45| 96.00+2.15 | 95.5045.93

4

6

8

RBFNNs

100.00+0.00 | 100.00+0.00| 100.00+0.00 | 100.00+0.00
100.00+0.00 | 100.00+0.00 | 100.00=0.00 | 106.00+0.00
100.00+0.00 | 100.00+0.00| 98.83+1.26 | 99.16£1.44

T2FNNs
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The Results of Test 2 dataset
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The Results of Test 3 dataset

a3 6 Test 2, 3 off et A8 Z3b (AF 1, 20% noise)
Fig. 6 Experimental results for Test 2 and 3 (Experiment 1,
20% noise)
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Table 4 Experimental results for each dataset with 20% noise

No. of
Model Rules
(Nodes)
10 87.21£12.68|87.83+12.11 | 86.33+11.97| 76.83+£14.05
BP-NN 20 100.00+0.00|100.00£0.00| 99.50+0.75 | 91.17+8.61
30 100.00+0.00{100.00+0.00| 99.83+0.37 |{87.00+14.20
4 08.78+1.77 | 98.33+2.12 | 94.33+5.50 {88.50+15.38
6 100.00+0.00]100.00£0.00| 93.16+2.78 | 86.66+8.87
8 100.00+0.00| 99.83+0.37 | 96.83+2.23 |87.83+10.53
4 100.00+0.00]100.00+0.00 | 100.00+0.00| 100.00+0.00
6
8

Training Test 1 Test 2 Test 3

RBFNNs

T2FNNs 100.00+0.00 | 100.00+0.001 100.00+0.00 | 100.00+0.00

100.00+0.00] 100.00+0.00 | 100.00+0.00 | 100.00+0.00

Classification Rate(%)
Classification Rate(%)

4 Rules or 10 Nodes
6 Rules or 20 Nodes
B8 Rules or 30 Nodes
BP-NN  RBFNNs T2FNNs
The Results of Test 3 dataset

4 Rules or 10 Nodes

M8 Rules or 30 Nodes

BP-NN  RBFNNs T2FNNs
The Resufts of Test 2 dataset

a® 7 Test 2, 3 oist AE 2l (A8 2, 20% noise)
Fig. 7 Experimental results for Test 2 and 3 (Experiment 2,
20% noise)
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