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[Abstract]

In this paper, we propose a method that combines KNN(K-Nearest Neighbor), Local Map
Classification and Bayes Filter as a way to increase the accuracy of location positioning. First, in this
technique, Local Map Classification divides the actual map into several clusters, and then classifies the
clusters by KNN. And posterior probability is calculated through the probability of each cluster acquired
by Bayes Filter. With this posterior probability, the cluster where the robot is located is searched. For
performance evaluation, the results of location positioning obtained by applying KNN, Local Map
Classification, and Bayes Filter were analyzed. As a result of the analysis, it was confirmed that even
if the RSSI signal changes, the location information is fixed to one cluster, and the accuracy of

location positioning increases.
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I. Introduction
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II. Preliminaries

1. Related works
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1.1 Techniques of KNN and Local Map Classification
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III. The Proposed Scheme
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Fig. 1. KNN, Local Map Classification and
Bayes Filter
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Fig. 2. Flowchart of Local Map Classification

1.3 Bayes Filter
Bayes Filter[8]= 7} Clusterofx] &A% &5 Ztut

Prior Probability 2 Posterior Probability-2 7|Atsto] A
7} Clustero] 220] £Aj& &858 o= 7)gol}. 24
Cluster?] &5 7} Local Map Classification © 2 Y&
ZAAEH, Prior Probability2 7t Cluster?] %7] &&
Zro2 A o] FAR: oreat Zok WA, AAT 7
= A, Local Map Classificationo]A] Z+ Cluster?] &&
2 Atsich. B0z ofFla e AR viEsieiy
ggo] HFg 7EIh OKjgtoR HFS 7 Cluster?]



Improvement of location positioning using KNN, Local Map
Classification and Bayes Filter for indoor location recognition system 33

Prior Probability 24 A-83tct

Bayes Filtere= &A= Cluster?] s+ 7'} Prior
Probability2- £35}0o] Posterior ProbabilityS AAstal,
o] 7} Clustero] 8tgett}. 7} Cluster % &&0°] 7MY
=2 Clustery 2%0] AT &80] 7V =4+ e
Uehic,

Bayes Fliter9] = AXF= Fig 3¥ Zt} bel(x0)&
Prior Probability2A] 7+ Cluster®] £7] &&0]1l, xt=
7 Clusterolt}. zt= 4% cole] Sgex 548
RSSI2 R A4t Cluster£9] gHgolt}. uts ZAEE2
Blolgolt, sl > AFREIA] A=t dustH 212
gF AAoIA ZAl0|A] 9i7] wiwoltt. 12]il n et
£ &0t HolHE2 58 ¥g ARG

Input : Initial Probability of Clusters for State x,
1. bel(x,) = Initial Probability of Clusters
2. U; = Do Nothing

3. Iterative Loop :

fort < 1to Now do
for all x, do
L@O‘t) = plxi|uy x.1)bel(x.)
bel(x) = np(z;|x;)bel (x;
return bel(x,)

Fig. 3. Bayes Filter Algorithm

o] Algorithm:> A1 (3)a} A] (4)o]] WepA A2j=]H, Al
(3)& Prediction 221 4Alojal, Al (4)= Measurement
Update #& SAloltt.

WA AL (3)of] TEbA bel(x)= 2 Aol st ol
= 7AlAsial, 7 Clusterdf] 2%0] B &g +
. bel(x)> xto] t-1 A[gto] Ot &F52 UEU=

i

oL g
iu)

bel(xi- 1)} ul x-1 W %28 &2 YEUE plxilu,
x-1)2 Estol oI5 82 Pk

chg.02 A} (4)o] ofstol 2} Clusterd] o] =E9)
bel(x)x £7¢ tlolE] 2521 p(zilx)2 2= Clusterd]
dist 239 &A1 &&55 7RI plzdx)e Al
RSSIZA] KNN1} Local Map ClassificationS £35}o] 7+
Cluster®] &5 gt Yepdth. 22]1 ng &3 &, A4t
sle 289l AkS HS3T) o goe Posterior
Probability2 AAST & Cluster ¥ 2%.9] &1 &&=

Tt

bel (x;) = p(x|uy Xe.1)bel(x.1) 3)

bel(x,) = np(zﬂxt)m (%) (4)

IV. Evaluation

1.1 Experiment of environment
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Table 1. Experiment condition

Condition Unit Description
Map Size(Width X Length) Meter 8 X 3
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Fig. 4. Environment of experiment
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Fig. 5. Robot used in the experiment

1.2 Positioning according to KNN, Local Map
Classification and Bayes Filter
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Table 2. Positioning in cluster 1 according to KNN,
Local Map Classification and Bayes Filter
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1.3 Result of Experiment
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