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Indoor positioning algorithm based on fuzzy clustering
and cat swarm optimization

Li Ang, Fu Jingqi, Shen Huaming, Sun Sizhou
(School of Mechatronic and Automation, Shanghai University, Shanghai 200444, China)

Abstract : The received signal strength indication ( RSSIT) based indoor fingerprinting positioning algorithm has problems of reference-
points error-matching and location discovery. To solve these problems, a fuzzy clustering and regional cat swarm based positioning method
is proposed. Firstly, the fuzzy clustering is used to accomplish clustering and estimate RSSI feature of the cluster center instead of the
traditional hard clustering algorithm. In this way, the fuzzy clustering based two-level matching can increase the difference between
reference points, and reduce the complexity of feature matching. Then, the cat swarm optimization is utilized due to the fast convergence
near the optimal solution, which is suitable for the location discovery based on the regions obtained by the two-level matching method.
Simultaneously, a feed mechanism is designed to improve the local search capability and the convergence speed of the cat swarm
optimization. Compared with traditional algorithms, experimental results show that the proposed algorithm can improve the positioning
accuracy by 12.5%.
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Fig.1 Schematic of the FP algorithm
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Table 1 The influence of the reference-point clustering

on the positioning error

Rk R IRZEE/m FHRZ/m k-

S-FP 3.5 0.53 0.38

KMS 3. 14 0.77 0. 47
KMS-W 2.96 0.73 0. 48
FCM-P (A~ 308 4:) 2.41 0.52 0.24

M 1 AL S-FP Bk KR 2234 3.50 m, P2
BN 0.53 m, HEHARK &M@ A1R2ET 2 0.38, KMS
HTKMS-W B33k (4 d5e K v i 22 43 il B8 3. 14 m FiI
2.96 m, TiASSCHEH 1) FCM-P [ FCiR2Z[5 4 2. 41 m,
TENIRZEM T 255K 0. 24,

SRS SE IR I A SCHE H Y FCM-P BE 1T DA RRAIE 2
% ARV EC S | B GE 7 D 22 , A S /N 28 P g
B B A5 22 DT O Jig 5 1) X AL 7 B 4 4R LB AR 75 10
W s A
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3.2 AERANHNEHEEIRERSSN

T BAEA SCHE Y FR-CSO m] LUK N 5312 Jm 748
RINAE ST, S B SEAE FCM-P 9 4% 5 o 15 3 ) S £ E DT i
S 05 i [ 4 51 R 04 7 BE B0 3% ( particle swam
optimization, PSO) , 5t {48 1 (genetic algorithm, GA) I
CSO FATM B R . 3 Fhy i UG RIS 8] 1Y B AR ek 5L
HA4 3 R AR N 4 Bz

X104
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Fig.4 Performance of three optimization methods in the indoor

location discovery problem
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Fig.5 Performance of feeding-mechanism in indoor

location discovery problem
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Fig.6  Localization error comparison of three

positioning algorithms

xR2 IMENEMEENEMLR
Table 2 Localization performance of three indoor

positioning algorithms

Rk TR/ m I RKIR2E/m k-

S-FP 0.53 3.5 0.38

FP 0. 40 1. 46 0.10
FR-CSO (A~ 3C%59:) 0.35 1.21 0. 08

H & 6 FIZR 2 A1, 53 1 h FCM-P (% 5& {57 R AR
L, FR-CSO Wy KR 2 2. 41 m [k 1. 21 m, P34 22
H1 0.52 m [&4 0. 35 m, 3X M X sl Ak A7 B 48 0] LU
ENIREE . S50 S-FP FP 3 P & 8 M L 8%
FR-CSO {5E KGR FLAG G 1) FP i 12.5% P2y i 22
B 2%k 0. 08,

R FR T S 56 5 3] A 03 7 B A T L, T L
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Fig.8 The CDF graph of three positioning methods
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Table 3 Probability of realizing positioning error

within 1.2 m

ik WER/%

S-FP 89.93

FP 95.67
FR-CSO (A3 k) 98.92

I 8 53 3 n i, A SCHE Y FR-CSO A LE T4 4E
1) S-FP Al FP HAT BOREGHEARSEL 1. 2 m DAY RE (R
%, et S-FP FP il FR-CSO (1 4 2 43 5] Jy 89.93% ,
95.67% ,98.92% ,

SCHRAERAR W], A SCHR Y FR-CSO 2 A E 3 55 %
T LA SEHUAE R DR B P RE

4 % %

ARSCHR T — Tl TR SR AN DI A R SR 1
FENENT L AR X S ST R IO
AR S S B2 X 2R 2 vt 19 RSSTRRAE JE AT A 3, i 3 3R
B DAL QU e e B AR s o e 1 )
RSSIFHE 22 S, A0/ 1 D RS M 7 5 R 1 2 25
BRVCHC ) RS W s 1R 225 . A, AR RN =%
SATIR AT, T8 3o DG A 20 A 90 L Ak 1 S 2 oy R 4
FBCR IR O A ALE] , 8 o 38 n 5k R
PR R AURE S S 1 AR E PR ) XA B4 . A
FAVEEE 14 2 PA R o7 B IE 2R 2 HP i) i T R 2R 2K 10 T 4
FENIFEE CSO FvE MR B HLHI B T X ik CSO 5k
1% N (T 1 SRR 38 N 22 5 8] J2 ) (S ROCR R4 7
T 52U 54007, SESE I S-FP B AR, FR-CSO B304
FRAGERLRZE T 3.50 m FEA 1. 21 m, X (7 48 22 i
0.53 m [0 0.35 m, 5581 FP A0 L, of LI T
12. 5% BE ARG RE o RIS, 752 U A2 007 B0 BR SL 3
B4 S-FP F1 FP 5.3 43 5l AT 89.93% ,95. 67% 14k
RPN 2 m LA B E AR 22, A SCHE H 9 FR-CSO
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