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Introduction
•RSSI fingerprint based WiFi indoor positioning

◮Limited sensitivity of WiFi chips: −100 dBm≤ RSSI ≤−30 dBm
◮Leads to censored, i.e., clipped observations

•EM algorithm for parameter estimation of censored
Gaussian data:

◮Unbiased
◮Efficient (achieves the Cramer-Rao Bound (CRB))

•Optimal classification/localization in the presence of
censored data

Parameter Estimation
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◮ θ: (µ, σ2) ◮ Ij(θ(κ)) =
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◮ κ: iteration index ◮ c: clipping threshold

Properties of Estimates
•Unbiasedness:

◮Let µ̃(κ+1) = µ(κ+1) − µ ;
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◮Eigenvalues |λi(W )| < 1 =⇒ unbiased estimates

•Convergence speed and precision of EM algorithm:
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Comparison of simulation with CRB

◮Number of iterations quickly rises once more than 50% of the
data are clipped

◮Mean square error of the estimator: achieves the CRB

Classification of Censored Data
•Likelihood

p(y |ℓk) = p(y1, ..., yNAP|ℓk) =
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2
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)

◮NAP: number of access points
◮ ℓk , k = 1, ...,K : possible user locations
◮RSSI measurement: xj = max(yj, c)

p(xj|ℓk) =
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•User positioning = classification

ℓ̂ = arg max
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•Refinements:
◮Multiple observations per position: x1:S = x1, ..., xS
◮Weighted average over the set P of most likely positions
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Experimental Results
•Classification on artificial data: 2-class problem, NAP = 5,
the percentage of clipped data was approximately 42%

Method Error rate (%)

Plain training + plain recognition 30.7
EM training + plain recognition 26.9

EM training + censored recognition 22.5
1-nearest neighbor 36.8

•Classification on field data:

Floor plan (12 m x 30 m)

 

 

After [1]

After [2]

Proposed algorithm

Distance d [m]

C
D
F
ǫ(

d
)

0 2 4 6 8 10
0

0.2

0.4

0.6

0.8

1

◮Proposed method outperforms the other w.r.t. accuracy
◮Low computational complexity

Conclusions
•EM algorithm delivers unbiased and efficient estimates,
achieving the CRB

•An optimal classification method accounting for censored
data was presented

•The effectiveness of the proposed algorithm for WiFi indoor
positioning was demonstrated
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