H18 % 453 AMEBRZE5BEFEREFER Vol.18, No.3

2020 4F 6 H Journal of Terahertz Science and Electronic Information Technology Jun., 2020

X EHE: 2095-4980(2020)03-0404-05

WSNs RE FE A LIFI#HENER BirRERREE

KaE, FFE
(ZH4pe TR RE, R M 455000)

W OE: X TERESRELETRSS)VNBHEREMPRET XA LB AENEE LK
Ko REZHAME, LM, EhTF RSSI AE5HEHRGELERXE, ENEFZEFARANE
fiikz, BAAEEWERNEGRNN) B HRE NS HFHEEE, BREET GRNN 8 # 3 B 47 R i
(GMTT)H %, ZE % #¥E GRNN A3 RSSI EEMAREERNNELEXZ, FIH FARZEEEK)E
FEHNGME, WELRERERN, LT RSSI+KF, GMTT & 3 7 LA 3 AR B A7 2 60 69 47 4

TR E,
KR B EARE; BAEANENE; BREFTREST; FRERN; RYFEE
FESES: TNI2 XkARIREG: A doi: 10.11805/TKYDA2019323

General regression neural network-based mobile target tracking algorithm in
Wireless Sensor Networks
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Abstract: Traditional Received Signal Strength Indication(RSSI)-based moving target localization
and tracking generally employs tri-lateration/angulation techniques. Although this method is simple and
easy to be implemented, it creates significant errors in localization estimations due to nonlinear
relationship between RSSI and distance. The Generalized Regression Neural Network(GRNN), a one-pass
learning algorithm, is well known for its ability to train quickly on sparse data sets. Therefore, GRNN-
based mobile Target Tracking(GMTT) is proposed in this paper. GMTT deals with high nonlinearity in
RSSI’s target location relationship by using GRNN, then further refines these location estimates with the
help of KF framework. Simulation results show that GMTT can effectively decrease the Root Mean Square
Error(RMSE) of target localization compared with RSSI+KF.
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Fig.3 Speed variation in x direction Fig.4 Speed variation in y direction
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