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Motivation
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Problem Description
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Problem Description

The altitude estimation scenario
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Assumption:

1.

2,
3.
4.

Only access the data from two IR sensors
Two IR sensors are aligned in the same position.
The angle of tilt can be ignored.

The roof is level.

Goal:
Estimate the true altitude of the UAV h ,

by measuring the biased ranges from the upward and

downward IR sensors
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State-space Formulation

* The range measurements from two IR sensors:
Yup = R — hfd,t — Qu,t + €uts
Ya,r = hat — aq + €a,

» Independent measurement errors:

€uts €d,t ™ N(Oa 0'5)

» The observation equation in matrix form:

y: = Hx; + €,
. T
Observation vector: Yt = [yu,t — R, yd,t}
State vector: Xt = [Pt Vt, Gyt ad,t}T

Error vector: e ~ N (0, 0512)
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The matrix H is

-1 0 -1 0
=g

“ Qe q
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State-space Formulation

0.25T%c2 05732 0 0
0572  Ti2 0 0
az 0

« State transition equations: The covariance matrixis Q = 0 SD v
hat = hat—1 +Tsvi—1 + U.E')Tszufu,tfh 0 0 0 o?
Ve = Vi1 + Ty t—1, I Ts 0 0
ay,t ~ N(0, Ug)a The matrix F is 8 (1) 8 8
aas ~ N(0,07), 0 0 0 0
Vertical velocity: Ut

Sampling interval: T,
Vertical acceleration: u, 1 ~ N(0,02)
 The transition equation in matrix form:
xt = Fxi 1 +upq
The state error: ~ Wy_q1 ~ N(O, Q)
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Multiple Model Adaptive Estimation

e Candidate models:

No obstacles H, = [11 8 8 8] Yu,t = R — hd,t — Ayt Tt €yt
Ya,r = ha — @a + €a,
Obstacle above H, = {_11 8 _01 8] Vi = [Yut — R, yd,t}T
. Xt = [hd,tavt;au,ta ad,t}T
Obstacles below H; = _1 8 8 _01} -
Obstacles above and below  H, = _11 8 _01 _01] .

« We use the same state variable x; and transition
equation in all candidate models.
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Multiple Model Adaptive Estimation

« MMAE for UAV altitude estimation:

a. Predict the prior estimate xgrtlzl and its covariance Pg;l—)1 \

Ir;:c)lall)l(z)e b. Calculate the innovation z(™ and its covariance S(™ ’ Kalman
c. Compute the optimal Kalman gain K(™) Filter

(m)
t|t

Marginal likelihood Forgetting estimate x and covariance

P(Y1e) = PV1e-1)0VelY1:6-1) factor [0,1]
=pV1:e-1) [ PO elx)p (e |y1:e-1)dx, o

1 .
= pW1.t-1)N (Ve |Hxge—1, S) o) =ax1y) - 5 |27{s(™} ™ 20™ + log(|ST™]) + 2log(2m)|

ood of model

Weighted sum the estimate x; and covariance P;

— \'M m) ,.(Mm)

M
8= z w [P 4 I — ) (e — x|
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Experiments

N
T
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in 1000 Monte Carlo simulations
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* MSEs of altitude estimation in different arrangements of the obstacles
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Conclusion

* Addressed the problem of altitude estimation for UAVs in indoor setting only
using infrared sensor data

» Tackled the problem by formulating four candidate state-space models and
applying multiple model adaptive estimation with a bank of Kalman filters

» Experiments using both synthetic data and real data show the promise
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