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RSSI ranging optimization algorithm based on BP neural network

YAO Jun ZHEN Ziyue" MA Yujing
(College of Communication and Information Engineering, Xi’an University of Science and Technology, Xi’an 710054, China)

Abstract The research of ranging based on received signal strength indication (RSSI) has been a hot spot in the
Internet of Things due to its wide application. In order to reduce the traditional RSSI ranging error based on back
propagation neural network, a back propagation neural network RSSI ranging method based on K-means clustering
algorithm preprocessing sample data is proposed. The algorithm solves the problem of non-uniform mapping between
RSSI value and real distance in different distance intervals due to different attenuation degree of RSSI value. The K-
means clustering algorithm is applied to BP neural network model to divide the distance interval of the sample data, and
then the classified data are input into BP neural network to build the network model and simulate the experiment. The
results show that the root mean square error of the traditional RSSI ranging method based on BP neural network is 1.425 7
m, while the root mean square (RMS) error of BP ranging method neural network improved by K-means algorithmis 1.288 7
m. Compared with the existing ranging methods based on BP neural network, it reduces the ranging error and optimizes
the mapping relationship between the target RSSI and the real distance.

Keywords path loss model; received signal strength indication (RSSI) ranging; K-means clustering algorithm;

BP neural network; ranging error; root mean square error
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Tab.1 Supplementary training data

RSSI/dBm B /m RSSI/dBm E 2§/m
24 1.0 —41 115
-25 1.5 -41 12.0
-25 2.0 42 125
-26 25 -43 13.0
-27 3.0 43 135
-27 35 -43 14.0
-29 4.0 -43 14.5
-30 45 -43 15.0
-31 5.0 —44 155
-33 55 —44 16.0
-33 6.0 -45 16.5
-33 6.5 ~46 17.0
-35 7.0 -48 175
-36 75 -48 18.0
-36 8.0 -49 185
-37 8.5 -50 19.0
-38 9.0 -50 19.5
-38 9.5 -51 20.0
-39 10.0 -53 20.5
-40 10.5 -53 21.0
—40 11.0
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Fig.3 Network structure of BP neural network
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