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Elevator group control algorithm based on Adam optimized neural network
LEI Jian
(School of Electrical Engineering, University of South China, Huanan Hengyang 421000, China)

[ Abstract] For the elevator group control algorithm built by the traditional BP neural network, it is easy to fall into the local
minimum, the convergence speed is slow, and the deviation between the predicted value and the actual value is large. Through
analysis and research, on the basis of using the BP neural network to fit the satisfaction function expression of a certain elevator’s
response to a certain floor call signal, the Adam algorithm is used to optimize the neural network weights and thresholds, and
Dropout is used to alleviate The phenomenon of fitting reduces errors. The simulation results show that compared with the traditional
optimization algorithm, the convergence speed is faster, the model prediction accuracy is higher, the waiting time and the long
waiting time are reduced, and the elevator carrying efficiency is improved. The results show that the average relative error is less
than 2% .
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Fig. 1 Introducing the neural network model of Dropout
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Fig. 2 Optimization of BP neural network training process based

on Adam algorithm
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Tab. 1 The Influence of the Number of Neurons and the Selection %

U Tanh Sigmoid Rel.U
A%

3 6.94 5.6 11.08

4 6.23 5.11 12.52

5 6.06 5.53 11.87

6 5.7 4.03 8.25

7 6.19 3.66 8.98

8 6.93 2.42 7.62

9 5.61 2.91 10.34

10 6.33 3.62 10.56

11 7.39 4.01 11.35

12 6.5 5.28 9.58
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Fig. 3 Schematic diagram of comparing the average relative error
of the two algorithms on the neural network fitting

evaluation function
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Fig. 4 The result of satisfaction evaluation function based on

traditional BP neural network test set
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Fig. 5 The result of satisfaction evaluation function based on Adam

optimized neural network test set
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Tab. 2 Test set results based on Adam optimized neural network

model %
B T e AHXF R
1 0.719 8 0.719 257 772 0.08
2 0.227 0.221 934 885 2.23
3 0.416 1 0.407 805 711 1.99
4 0.2211 0.220 288 694 0.37
5 0.498 6 0.489 072 382 1.91
6 0.354 3 0.355 131 239 0.23
7 0.533 8 0.525 601 983 1.54
8 0.381 8 0.372 261 733 2.50
9 0.45 0.443 854 541 1.37
10 0.713 5 0.716 515 064 0.42
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