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Abstract

In this paper, we present an analytical method for decision boundary feature extraction for neural
networks. It has been shown that all the features necessary to achieve the same classification
accuracy xxxas in the original space can be obtained from the vectors normal to decision boundaries.
However, the vector normal to the decision boundary of a neural network has been calculated
numerically using a gradient approximation. This process is time-consuming and the normal vector
may be inaccurately estimated. In this paper, we propose a method to improve the performance of
the previous decision boundary feature extraction for neural networks by accurately calculating the
normal vector. When the normal vectors are computed analytically, it is possible to reduce the
processing time significantly and improve the performance of the previous implementation that
employs numerical approximation.
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Table 1. Information of the 8 pattern classes.

CI]\;‘;'S Date | Location Species dli‘t’a
1 770308 Finney Co. KS. | Winter Wheat | 691
2 7710626| Finney Co. KS. | Winter Wheat | 677
3 |771018| Hand Co. SD. | Winter Wheat | 660
4 |780615| Hand Co. SD. | Spring Wheat | 474
5 |730816| Hand Co. SD. | Spring Wheat | 464
6 7609281 Finney Co. KS. |Summer Fallow| 411
7 760928| Finney Co. KS. | Grain Sorghum| 277
8 |780602| Hand Co. SD. Oats 259
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Table 2. Information of the 10 pattern classes.
cllvaos.s Date { Location Species é:(;‘)
u 770308 | Finney Co. KS. | Winter Wheat | 601
2 | 770626 | Finney Co. KS. | Winter Wheat | 677
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9 | 760928 | Finney Co. KS. | Summer Fallow | 411
10 | 780615 | Hand Co. SD. | Winter Wheat | 223
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