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Evolutionary Features and Parameter Optimization of

Spiking Neural Networks for Unsupervised Learning
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VI. CONCLUSIONS

This work proposed two new neuro-evolutionary models
for parameter and feature selection for clustering problems,
termed SNN-OGP and QbrSNN. The characteristics of both
SNN-OGP and QbrSNN were described, including the
chromosome codification of each individual (real and binary
values) and the evaluation function, selection, and
recombination procedures. We used a set of 8 benchmarks
from the UCI repository to evaluate both models.

The results demonstrate that SNN-OGP and QbrSNN are
feasible in that they significantly outperformed a standard
SNN with fewer evaluations. When comparing both
approaches, QbrSNN yielded a slightly higher-quality
clustering than SNN-OGP in most cases. However, QbrSNN
required an average of 40% more computational effort than
SNN-OGP. Therefore, the user must consider this trade-off
when applying QbrSNN for feature selection and parameter
optimization.

Future works can extend both models for supervised
learning, such as classification and forecasting problems.
Other research can perform a behavioral analysis on the
evolutionary algorithms’ parameters (e.g., population size,
recombination rates) and evaluate their influence on the final
clustering quality. Finally, both models can be evaluating
with a larger set of benchmarks using other evolutionary
approaches to find the most suitable evolutionary algorithm
for feature selection and SNN parameter selection.
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