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Fig. 1. Framework of brain emotional learning model.
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Fig. 2. Improved brain emotional learning network.
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Fig. 3. Result of Lorenz-z(t) prediction on training datas: (a) Prediction curve; (b) error curve.
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Fig. 4. Result of Lorenz-z(t) prediction on testing datas: (a) Prediction curve; (b) error curve.
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Fig. 5. Linear correlation of Lorenz time series prediction: (a) Training datas; (b) testing datas.
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Table 1. Lorenz-z(t) prediction comparisons of different models (1-step).
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Fig. 10. Linear correlation of Dst index prediction: (a) Training datas; (b) testing datas.
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Table 2. Dst index prediction performance comparisons of different models (1-step).
) HiRE A . .
et Mapc 177 %= d‘ﬁlﬁ'lﬂ/s
Mg Mse Mape Cor
MLP-BP 17.2465 16.1075 0.8373 0.7584 0.7426 27.6741
LM-BP 12.3433 7.0643 0.6378 0.9237 0.5253 12.6425
BEL 3.1268 0.2086 0.1165 0.9446 0.0287 1.5643
SVM [28] 17.35 — — 0.8900 — —
AD-BEL 1] — — — 0.9532 — —
AGA-BEL 1.5367 0.0012 0.0631 0.9626 0.0023 2.6551
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Abstract

Chaos phenomenon is one of the most important physical phenomena, which has significant effects on one’s pro-
duction and life. Therefore, it is indispensable to find out the regularity of chaotic time series from a chaotic system
for weather forecasting, space missions, alarm systems, etc. Although various models and learning algorithms have been
developed to predict chaotic time series, many traditional methods suffer drawbacks of high computational complex-
ity, slow convergence speed, and low prediction accuracy, due to extremely complex dynamic characteristics of chaotic
systems. In this paper, a brain-inspired prediction model, i.e., brain emotional learning (BEL) model combined with
self-adaptive genetic algorithm (AGA) is proposed.

The establishment of BEL model is inspired by the neurobiology research, which has been put forward by mim-
icking the high-speed emotional learning mechanism between amygdala and orbitofrontal cortex in mammalian brain, it
has advantages of lowcomputational complexity and fast learning. The BEL model employs reward-based reinforcement
learning to adjust the weights of amygdala and orbitofrontal cortex. However, the reward-based method is modelsensitive
and hard to generalize to other issues. To improve the performance of BEL model, AGA-BEL is proposed for chaotic
prediction, in which the AGA is employed for parameter optimization. Firstly, weights and biases of orbitofrontal cortex
and amygdala in BEL model are distributed to chromosomal gene sequence for optimization. Secondly, fitness function is
employed to adjust the weights of amygdale and orbitofrontal cortex by self-adaptive crossover and mutation operations
Therefore, the parameter optimization problem is transformed into a function optimization problem in the search space.
Finally, the best chromosome that represents the best combination of weights and biases for BEL model is chosen, which
is used for chaotic prediction.

Prediction experiments on the benchmark Lorenz chaotic time series and a real-world chaotic time series of geo-
magnetic activity Dst index are performed. The experimental results and numerical analysis show that the proposed
AGA-BEL prediction model achieves lower mean absolute deviation, mean square error, mean absolute percentage error,
and higher correlation coefficient than the original BEL, levenberg marquardt-back propagation (LM-BP) and multi-
layer perceptron-back propagation (MLP-BP). Meanwhile, the BEL-based models take less computational time than the
traditional BP-based models. Therefore, the proposed AGA-BEL model possesses the advantages of fast learning and
low computational complexity of BEL model as well as the global optimum solution of AGA. It is superior to other
traditional methods in terms of prediction precision, execution speed, and stability, and it is suited for online prediction

in fast-varying environments.

Keywords: chaotic time series, prediction, brain emotional learning, self-adaptive genetic algorithm
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