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Abstract In the Radio Frequency Identification (RFID) dynamic indoor positioning environment. the positioning error and the
computing complexity of traditional indoor positioning model will increase with the increase of the number of positioning targets.
This paper proposes an RFID positioning algorithm based on Proximal Policy Optimization(PPO) ,which regards the positioning
as Markov decision-making process. Firstly.the action evalution is combined with random action and the return of the action is
then maximized to select the best coordinate value. Meanwhile, under the premise of limiting the action to a certain range, the al-
gorithm introduces clipped probability ratios,using post-sample and pre-sample action alternatesly,then, with stochastic gradient
ascent updates multiple epochs policy of minibatch and with the critic network evaluate the action. Finally, the PPO positioning
model is obtained by training. This method can effectively reduce the positioning error and improve the positioning efficiency. At
the same time,it has a faster convergence speed, especially when dealing with a large number of positioning targets,it can greatly
reduce the computational complexity. Experiment results show that, compared with other RFID indoor positioning algorithms,
such as Twin Delayed Deep Deterministic policy gradient(TD3), Deep Deterministic Policy Gradient (DDPG) and actor-critic
using Kronecker-Factored Trust Region(ACKTR) , the average positioning error of the proposed method decreases respectively
by 36.361% ,30.696% and 28. 167 % ,the positioning stability improves by 46. 691% ,34. 926 % and 16. 911% ,and the compu-
ting complexity decreases respectively by 84.782% ,70.213% and 63. 158%.
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Fig. 10 Compare positioning accuracy of 4 algorithms
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