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PR2 localization: Door Detector




Example 2: Simple 1D Linear System
with Erroneous Start

Given: F=G=H=1, u=cos(t/5)
Initial state estimate = 20

_ X, =X, +cos(t/5)+w,
Linear system: :
_ Unknown noise
Zt+1 xt+1 + n

parameters
Propagation: Update: (no change)
X, =X, +cos(t/5)
Pt+1_P+Q Z\t+1=‘5e
K = Pt+1 (Pt+1 + Rt+1 )_1

X = xt+1 + Kt+1 (Zt+1 - xt+1)

=(I-K, )P,

t+1 t+1



State Estimate
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State Estimation Error vs 30 Region of Confidence

Estimate Error
— — Upper bound
— — Lower bound




Sensor Residual vs 30 Region of Confidence

25

I
20 —|

=]
I

-20

0
e _ ]

-25
u]

—
Residual

— — Upper bound

— — Lower bound

100

120




Kalman Gain and State Covariance

— Kalman gain
—— Covariance




Approximating Robot Motion
Uncertainty with a Gaussian
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Robot Motions are not linear

 Extended Kalman Filter



Linearized Motion Model
for PR2 / aerial robot.

Y From a robot-centric x =V,
y X perspective, the velocities JV: = 0
look like this: b =w,
(1) .
From the global x, =V, cosg,
perspective, the y, =V sing,
> velocities look like this: -
G X ¢t = wt
The discrete time state X=X+, +w, )0 cosg, Problem! We don’ t know
estimate (including noise) . linear and rotational

Va =y +(V, + wy )0t sin ¢, velocity errors. The state

R R estimate will rapidly
=¢ +(w + ot
b= +(@, Ww,) diverge if this is the only

source of information!

looks like this:



Linearized Motion Model
for PR2/aerial robot

Now, we have to compute the covariance matrix propagation
equations.

The indirect Kalman filter derives the pose equations from the
estimated error of the state:  x,, -X, =X,
yt+l _.);t+1 =)r7t+1

¢t+1 - ¢t+1 = ¢t+l

In order to linearize the system, the following small-angle
assumptions are made: cos¢ =1

~
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Linearized Motion Model
for PR2/aerial robot

From the error-state propagation equation, we can obtain the
State propagation and noise input functions Fand G :

X 1 0 -V otsing I X, 11 ~O0tcosp, O w,

Yo |=1 0 1 V dtcosgp y, [+| -Otsing, O wt

&, 0 0 1 &, 0 R
X, =AX +GW

From these values, we can easily compute the standard covariance

propagation equation:

P.=APA" +GQOG’

t+1



Sensor Model for a Robot with a
Perfect Map

t+1

From the robot, the
measurement looks
like this: @, n

t+1

t+1 il

From a global
perspective, the
measurement looks

> like:
G X cosg., -sing., O0l[x, —-x_ |
1+1 t+1 L t+1
Zin = S1n ¢t+l COs¢t+1 0 yLz+1 _yt+1
0 0 1|l¢,, ~¢.

The measurement equation is nonlinear and must also be linearized!




t+1

th+1

| ¢Lt+l ]

Sensor Model for a Robot with a
Perfect Map

Now, we have to compute the linearized sensor function. Once
again, we make use of the indirect Kalman filter where the error in
the reading must be estimated.

In order to linearize the system, the following small-angle
assumptions are made: cosg =1

~
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The final expression for the error in the sensor reading is:

_Cos¢t+1 _Sin ¢t+1 _Sin¢t+l (xL _)%Hl) +Cos¢t(yL _j}t+1) -$[+1
= Sin ¢t+1 - Cos¢t+1 - COS¢¢+1 (xL - £t+1) - Sin ¢t (yL - .),>t+1) .)7t+1 +
0 0 -1 _¢t+1




Updating the State Vector
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Propagation only

Propagation and update



