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Abstract: This paper proposes an information complementation algorithm of K nearest neighbor-random forest with an
improved distance formula, aiming at the problem of indoor fingerprint localization fingerprint database data in the real
environment with missing data leading to large positioning errors. First, the gathered fingerprint data is preprocessed
using Gaussian filtering to eliminate interfering data points and enhance data dependability. Second, the nearest-
neighbor set is sampled using the KNN algorithm, which combines Manhattan distance and Euclidean distance. The RF
algorithm is then used to optimize the training of the nearest-neighbor set, and the prediction results of each individual
decision tree are averaged to determine the predicted values of the missing data. This process is based on the division of
the fingerprint data into training and testing sets. Finally, the improved complementary algorithm is compared with
KNN, improved KNN, RF and KNN-RF complementary algorithms. The experimental results demonstrate that the
modified complementary method in this study has superior prediction accuracy and precision than other algorithms,
with a prediction accuracy of 91. 3%. In the meantime, the fingerprint library of this paper’s complimentary algorithm
has an average positioning error of 1. 82 m, which is 1. 6% ~7. 2% less than that of other complementary algorithms,
and the positioning performance is improved.

Keywords: indoor localization; KNN; RF;fingerprint database;information completion
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Fig. 1 Flowchart of RF algorithm

RF 5532 1) BEAURR P A U7 A o i vh S50 A A ) Bl
BRI BRI 18 45 A9 BE ALY L BE 4 A L 7 5 2 A G
PR SR B h Y (EUR RF BRI AR st a2
X RN AR B0 R A R A R B B R R
£ K0 I Sl 2 1 Y 2 S A 2 i O AN RE AR B B0 fF 8
B E) B A OGE e 2 BB BERR AR . L, 4R 4L
B P AR B B AR B, 238 o5 — # f5 B L
B SO IR Y 40 0 2 A U R

2 ETERREEMEMWMEEFK KNN-RF 52
HeE*®

2.1 E&iEit
7 KNN Bk p EUER KRR E e 715 B 44

o« TG .

R 2 0 5k 5 00 e Rl A B 1) T R A A 2Ly
o 23 52 WD ROHE O RS 2 . 2 KININ G303 o, 9 2 3
W I R (S o M e o A SV (G L T P R S
R T BARAL AR 5 22 SC PR PR BT 9 45 A AR G AR
552 R BRI A B R LE L BRI B Y T B A R AR R A A
BORIRZEZE . AR B . 5 ey T o o EL R 1 L BB S AT Ak /D
GOSN L B SR R R AT 4 B0 B B R AE
(EL 28 5 /N BRI DL ASE T S R D 4 SR B e i 2 e L B
T 14 TR R 2 A R A O AR DG R
ARSCHR T — Rl TG B R 0 R R [ 5
ol 8 i SR 49 L 89 D7 9 of Bt B R 0 R A RE A i
SRAR GURRIE b 4 1) 2 JR 2 2 D0 38 58k KO0 AR A 22 ) 119 5% BB
P 455 I IR B KNN3 R 47 b3 i 4R 39 5 a5
T DN S8 B B 2 o i T WG B 0 42 I o I 114
KNN-RF {5 Qb &5 A MR E A 2 Pios .

PiRd

¥
Balpigl [ 3
ot S
v

YITEWKNN
sl

Pk
BEBLARIK

!
SR TR R
R

!
BRR (A

wanRmErng | |
e 1 L et

R e

B 2 3Tkt KNN-RF B915 B Ab 22 i w
Fig. 2 Flowchart of the information complementation

algorithm based on improved KNN-RF
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Table 1 Partial data with missing values

AP1 AP2 AP3 AP4 AP5 % AbR
—37.19 —57.68 —68.17 Nan —55.78 (1,
—37.06 Nan  —57.37 —57.55 —45.12 (2,1
Nan  —56.04 —66.08 —52.28 —52.80 (5.1
—40.57 —51.39 —60.16  Nan Nan  (21,1)
—45.29 —51.32  Nan  —52.47 —52.09 (54,1)
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