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One-Pass Incremental Learning for Classification Problem Using Neural Network

and Hyper-Ellipsoidal Function
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This paper introduces a new neural network which can learn each new data only in one epoch and, then,
throw it away without involving the previously learned data by using a hyper-ellipsoidal function. This function has an
elliptical shape and can learn any multi-dimensional data by surrounding them. Only one new incoming data is used to

adjust the learning parameters. This neural network spends O(n) time complexity to learn a set of n data.
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AFWA 1 HANNINARBIIINNIINA BUGIY Iris Data Set

VEBF RBF MLP
Testing
Time No. of | Accuracy Time No. of | Accuracy Time No. of Accuracy
fold (second) | neurons (%) (second) | neurons (%) (second) | neurons (%)

1 0.08 3 96.67 1.18 3 96.67 1.1 3 96.67

2 0.03 3 100.00 0.43 3 100.00 0.13 3 96.67

3 0.03 3 96.67 0.43 3 100.00 0.10 3 100.00

4 0.03 3 100.00 0.44 3 96.67 0.10 3 96.67

5 0.03 3 96.67 0.43 3 96.67 0.10 3 96.67
Average 0.04 3 98.00 0.58 3 98.00 0.31 3 97.33
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FISNA 2 HANTNAABIIINNITNA BUGIE Balance Scale Data Set
VEBF RBF MLP
Testing Time No. of | Accuracy Time No. of | Accuracy Time No. of Accuracy
fold (second) | neurons (%) (second) [ neurons (%) (second) | neurons (%)
1 0.24 4 91.27 1.16 4 84.13 1.58 4 84.92
2 0.15 3 91.94 0.38 3 78.23 0.66 3 88.71
3 0.16 5 86.51 0.41 5 82.54 0.65 5 84.92
4 0.15 3 95.12 0.38 3 79.67 0.83 3 91.06
5 0.16 5 89.68 0.41 5 84.92 0.88 5 89.68
Average 017 4 90.90 0.55 4 81.90 0.92 4 87.86
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AFWA 3 HANNINARBIIINNIINA BUGIY Parkinson Data Set

Testing VEBF RBF MLP
Time No. of | Accuracy Time No. of | Accuracy Time No. of Accuracy
fold (second) | neurons (%) (second) | neurons (%) (second) | neurons (%)
1 212 82 92.11 1.60 82 76.32 52.30 82 94.74
2 1.74 82 87.18 0.79 82 66.67 4824 82 76.92
3 1.76 92 85.00 0.94 92 75.00 65.43 92 82.50
4 1.74 90 92.50 0.90 90 77.50 65.41 90 7750
5 1.74 87 84.21 0.86 87 68.42 76.54 87 81.58
Average 1.82 86.6 88.20 1.02 86.6 72.78 61.58 86.6 82.65
ﬂ157\1ﬁ4 NANITNARBIIINNITNA BUAY Zoo Data Set
Testing VEBF RBF MLP
Time No. of | Accuracy Time No. of | Accuracy Time No. of Accuracy
fold (second) | neurons (%) (second) | neurons (%) (second) | neurons (%)
1 0.10 11 100.00 0.82 11 78.95 1.29 11 94.74
2 0.05 11 100.00 0.13 11 75.00 0.48 11 60.00
3 0.04 11 95.24 0.09 11 80.95 0.51 11 85.71
4 0.04 10 100.00 0.19 10 75.00 0.41 10 80.00
5 0.05 11 95.24 0.21 11 90.48 0.46 11 95.24
Average 0.05 10.8 98.10 0.29 10.8 80.08 0.63 10.8 83.14
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