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A Dynamic Access Point Selection Algorithm in
Cell-free Massive MIMO Systems

SHEN Min, QIU Deshi

(School of Communication and Information Engineering, Chongqing University of Posts and
Telecommunications , Chongqing 400065 , China)

Abstract:In a cell-free massive multiple-input multiple-output ( MIMO ) system, all access points ( APs)
provide services to users,resulting in high power consumption and increased pressure on the fronthaul link.
The “user-centric” AP selection scheme selects the best AP set for each user,which improves the system
spectrum efficiency and energy efficiency. In order to select the best AP set for each user,a dynamic access
point selection algorithm based on Back Propagation ( BP) neural network is proposed. The large-scale
fading vector between the AP and the user is used as the input,and the connection relationship between the
AP and the user is taken as the prediction vector of the output of BP neural network. At the same time,an
improved adaptive genetic algorithm is proposed for the initial weight of BP neural network to improve the
convergence speed and convergence performance. Simulations show that the predicted result of the improved
BP neural network is closer to the actual value,and it has higher system sum rate than fully connected and
heuristic AP selection schemes.
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Fig. 1 Cell-free massive MIMO system model
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Fig. 4 Schematic of AP dynamic selection based on AGA-BP neural network
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