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Background

»Indoor Pedestrian Navigation :

* Oriented “human "services

* Indoor High similar pedestrian

* The Complexity of indoor environment

* High demand of real-time
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Techniques for Positioning/Location
Tracking

€ Measurement types ©
» Time of arrival (ToA) (ﬁ) y
[
U

» Time difference of arrival (TDoA) (
» Angle of arrival (AoA) ‘,,f 0 —
» Received signal strength indicator (RSSI) l@ P (£ \o—" ((ﬁ))

€ Location estimation e

« Accelerometer
. . » Gyroscope
e.g., trilateration

« Magnetometer
> Fi inti / Fusion Location
Ingerprinting Algorithm Estimation

e.g pattern regnition A

Wi-Fi S
E— [ wi

D, measurement

Motion Sensors direction Fingerprint
> Distance-based

» Cell of origin (CoO) [ | Displacement, Wi-Fi

Challenge: the balance with the accuracy and efficiency
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Introduction of Fingerprint-based Location

Offline Online
. Location
—— Estimation
Site Survey i
(Location, ian
" : Fin(;cearpz nt)l Meas;l?rearLent
* Fingerprint method is RSS-based localization - v
EProbabilistic ,e.g., Locazton
»  Bayesian  (x|y) =p(y|x)p(x)/p(¥)

B Deterministic, e.g.,
> Nearest Neighbor
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Bluetooth Fingerprint similarity

GGGGGG Bluetooth Fingerprint
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Signal similarity =~ ===) Spatial similarity

&®Signalsmay has a high similarity in certain

regions due to the refraction and diffraction of the L Corfrecnocaton el Snfes
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Brief review

Category

authors

Location
Algorithm

Details

MOTION-ASSISTED

A. Rai, K. K.
Chintalapudi(2012)

Particle Filter

Simple step detection can be based on peak
detection or zero crossing of acceleration
readings.

W. Sun(2014)

Graph-fusion

Simplify the indoor map model ,get high
accuracy for narrow corridors.

Temporal patterns Y. Kim, H. Shin,(2012) Walking Use the Rssi peak in a temporal sequence
direction get 2M accuracy in corridor.
H. Wang et al.(2012) Fingerprint Through Wifi landmark
Fusion sensors Z.Yang, X. Feng,(2014) | Kalman filter | some advanced and efficient models
between wireless signals and motion
to locate the target
Map information Z. Xiao, H. Wen, A. Map Craft Use the Step counts and heading direction,
Markham(2014) but rely on large training data
HMM Jingbin Liu(2014) Bayesian Use the HMM and Viterbi to increase the

accuracy in cooridors which is about 2M
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Our Approach for fingerprint

For improving location accuracy and reduce the calculating-time and complexity of

fingerprinting
Combine the Bayesian and Nearest Neighbor ,Use the map information and grid

filtering ,give map constrains and update the HMM model.

Indoor Grid Position KNN
map filtering system location

Bayes Model Hidden Markov Model HMM Factor Graph
G GO > GO m"‘s°’ N R ey
P(Z,[2]]S,)
Constrain Min. Grid Filtering KNN constrair\t by Viterbi
Entropy Model onditional Random Field Algorithm
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Principle of the New Algorithm

(1)

€ grid filitering
» distance

»  accessibility

»  topology Il




Principle of the New Algorithm

(2)
1. KM Sheracteized

. 0= {Ol ’02 ’O O } [Hall& - &alj@: & & @al
A =ali)j —P[q¢t+1 =SJj |qét =SJi [ 1Ki,j<N -

n={m}mn,=P[q,=S]. g=1

V={vl, v2,v3,...,vM}

B={b;(klatt|g,=S],1<j<N,1<k<M.

* Sisthe set of possible state, is the set of possible states,where a state in grid.

A is the state transition probability distribution between states i and j,

DU AW

* O is asequence of observations, O T =T =T =T =TT =T ==
* 1is the initial state probability distribution, 82 e R R Bl B i B
e Visthe set of possible observation symbols, T e e B s

Os o =) ® ® Py P ® ® e

B is the observation symbol probability distribution in state j 0
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Viterbi Algorithm

Viterbi Algorithm determining the most likely path.
1.Initialization

N1 (D=mli blj (041 ) , 1KIKLN

pdl (D=0
2. Recursion |

St ())=max—1 /<N [t (Dali jIblj (0it) 1t T 1K I&N

| Slt () =minT1K KN [8lt (Dali jIblj (0dt) 1KLL T 1KIKN |
| @lt ()=argmin+1<K /&N [§dt—1 (Dali j] 2KIKLT 1KIKN |
| I
| |
| |
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Principle of the New Algorithm

3)
1.According to the last point, query / - 7
prediction point knowledge base,
2. Matching fingerprint database, get the [ osariter |
positioning results. - —
N=Estimate.length,usually below 9. o forecated 38
3.With the updata the position data,the HMM e S
model would change [ o™ ] L posiion J

A

[ Compute Coordinate ]<

v
argmin—€Q (=1/n VYi={Tn#Ewli12 (si0T—i—sirli )12 ) | search position |

y
| Output I

Ices
Vienna, 14-16 November 2016

WJ




ICA-LBS 2016

Experiment

On 6 floor, at JinGang
Science Park No. 4
Using mobile phone S5

and ibeacons equipment.

Plan one:

using KNN algorithm
for open areas

Plan two:

Using HIM+Gr1d+KNN
algorithm for rooms
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Analysis of results
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Analysis of results

KNN accuracy error

Our approach accuracy error

Error Statistics

3 8 8

Positioning Accuracy/m Time/s
Method
KNN 2.95 3.1
HMM-grid-knn 2.15 1.1




Conclusions

* This paper proposes a Hidden Markov Model for indoor position with
grid filitering that can use in the open area. The experiment proved
the improvement of accuracy and stability on indoor location.

* The first point go wrong would not affect seriously. It would move
toward the right direction.

Future work
* Need more tracks and big data to train the HMM.
* Use the combination of ibeacon and pdr algorithm.
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