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Abstract

Communication base station load is increasing and unbalanced. In order to optimize base station
resource scheduling and improve base station service quality, we proposed a model of multi-step
base station load prediction in minute-level with spatio-temporal correlation data based on BP
neural network optimized by genetic algorithm. By using mobile user trajectory data, we estab-
lished the spatio-temporal transition probability matrix between base stations and extracted the
spatio-temporal features which affect the base station load. As BP neural network easily got into
the local extremes, genetic algorithm was employed to optimize the initial weights and thresholds
of BP network model. The algorithm proposed is verified by a mobile user trajectory dataset en-
crypted by the operator. The results showed that the optimized model with spatio-temporal cor-
relation features can effectively predict the multi-step base station load in minute-level.
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Figure 1. BP neural network optimized by genetic algorithm
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Table 1. Mobile user trajectory data instance
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Table 2. Base station load statistical results
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Figure 2. Base station load on 9:00~21:00
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Figure 3. Base station load on monday
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Figure 4. Base station load on sunday
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Figure 5. Base station load transition probability matrix
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Table 3. A base station load transition probability matrix
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Figure 6. (a) T + 1 two model results; (b) T + 1 two model error
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Figure 11. (a) T + 6 two model results; (b) T + 6 two model error
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Table 5. Multi-step prediction results error statistics
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