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Abstract In view of the fact that the accuracy of existing RFID indoor positioning algorithm is easily affected by environment
factors and the robustness is not strong, this paper proposed an RFID indoor positioning algorithm based on asynchronous advan-
tage actor-critic (A3C). The main steps of the algorithm are as follows. Firstly,the RSSI value of RFID signal strength is used as
the input value. The multi-thread sub-action network parallel interactive sampling learning,and the sub-evaluation network evalu-
ates the advantage and disadvantage of the action value, so that the model is continuously optimized to find the best signal
strength RSSI and trains the positioning model. The sub-thread network updates the network parameters to the global network on
a regular basis,and the global network finally outputs the specific location of the reference tag,at the same time the asynchronous
advantage actor-critic positioning model is trained. Secondly,in the online positioning stage, when the target to be tested enters
the area to be tested,the signal strength RSSI value of the object to be tested is recorded and input into the asynchronous advan-
tage actor-critic positioning model. The sub-thread network obtains the latest positioning information from the global network, lo-
cates the side target.and finally outputs the specific position of the target. RFID indoor positioning algorithm based on asyn-
chronous advantage actor-critic was compared with the traditional RFID indoor positioning algorithm based on Support Vector
Machines (SVM) positioning, Extreme Learning Machine (ELLM) positioning,and Multi-Layer Perceptron positioning (MLP).
Experiment results show that the mean positioning error of the proposed algorithm is respectively decreased by 66. 114% ,
50.316% and 44.494 % ; the average positioning stability is respectively increased by 59. 733 % ,53. 083 % and 43. 748 %. The ex-
periment results show that the proposed RFID indoor positioning algorithm based on asynchronous advantage actor-critic has bet-
ter positioning performance when dealing with a large number of indoor positioning targets.
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Fig.5 Localization accuracy comparison of four algorithm models
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Fig. 6 Localization efficiency of four algorithm
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