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e Lab 4 grades posted on Moodle

e Lab 6 posted tonight

o group work
o due Wednesday (Apr 1)

e Research paper presentation sign-up



Outline for today

e Motion models
e Sensor models

e Localization algorithms
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Motion models

e Consider robots operating on a planar surface
o The state space is three-dimensional: (x,y,0)
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e In practice, one often finds two types of motion models:

o Odometry-based
o Velocity-based

e Odometry-based models are used when systems are equipped with wheel
encoders

e Velocity-based models calculate the new pose based on the velocities and
the time elapsed
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Velocity model

. V¢ translational velocity
o t =
i rotational velocity

v .
® r* = xr— —sinf <x*,y*> X
W
v
o y* = y-+ —cosb
W
o r* + 2 sin(f + wAt)
® Tt =\ o — y* — 2 cos(f + wAt)
6’ 0 + wAt
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Motion errors

Many reasons:

(@

different wheel
diameters

—

(b)

bump

1

Posterior distributions of the robot's pose
upon executing the motion command
illustrated by the solid line.
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Noise model for velocity

The actual motion is given by the commanded motion corrupted with noise.

V=v+¢&

o102 + agw?

W=+ 8@3@2 o

asv? + agw?

7/ —
I
final rotation
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Velocity motion model

1: Algorithm motion_model_velocity(z;, us, z¢—1): ;-1 = (2,y,0)7
. €Ty = (.’13/ / Hl)T
9. _ 1 (@—a")cosf+ (y—y')sind t = ’y:},
- 2 (y—y')cosf — (z — ') sinf u=(v,w)
., T+
o Tt =" +uly -y
/
4 y*=y;y + p(a' — )
B r* = /(x — z*)2 + (y — y*)2
o A = atan2(y’ — y*, 2’ — z*) — atan2(y — y*,z — z¥)
A0
7 )= — r*
V=T
i A0
At
10: return prob(v — 0, ;9% + asw?) - prob(w — &, azv® + ayw?)
. prob(4, asv? + agw?)
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Noise distributions

Triangular

Normal
b b

b b Algorithm prob_triangular_distribution(a. b):

Algorithm prob_normal_distribution(a. b): if|a| > v/6b
¢ % return 0
retunm —z— ¢ e
V6b—|al

. return ~—¢
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Sampling

1: Algorithm sample_motion_model_velocity(u;, z;—1):
2: d = v + sample(a;v? + ayw?)

3 @& = w + sample(azv? + aw?)

4. 4 = sample(asv? + agw?)

5) =z — 2sinf+ 2 sin(0 + 0AL)

6: y =y+ Zcosh — 2 cos( + wAL)

7 0 =0+ OAt + AAL

8: return z; = (z',y’,0)T
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Noise parameters

Large translational error (a,, a,) Small translational and

Moderate parameters
small angular error (a,, a,) large angular error
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Map-consistent motion model

\ ‘4_(*)
]
-
@, @
p(we | we, 1) + p(ze | ut, v—1,m)
Approximation: p(x¢ | us, xr—1,m) = 10 p(at | ue, xe—1) plae | M)
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Feature-based sensor model

e Landmarks: distinct objects used for robot navigation

e Sensor provides: landmark’s range, bearing, signature

N\ [ 2
f(zt) = {ftlaft27°"} - {<¢%)7( t1)7}
S o

o p(f(zt) | xtvm) . Hp(rgv¢iasi | xtvm)
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Feature-based map

e A map is a list of objects in the environment along with their properties

W = AT « o TR

e Each object may possess a signature and location coordinate (m, , m;.,)

. Ty sl e — ) -+l — WP Eo2
oy = atan2(mj, —y, My —x)—0 | + | €02
CH 8; Eq2

Probabilistic Robotics




Sensor model

L:

o

4

@S b &

Algorithm landmark_model known_correspondence(f;. c!, x;,m):

Jie= C% correspondence between feature f and landmark m,

P=/(mj. — )%+ (mj, —y)?

¢ = atan2(m; y — Yy, Mj o — T) —0

¢ = prob(ri — #,02) - prob(¢! — o, o) - prob(s; — s;,07)

return q
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Grid localization

1: Algorithm Grid localization({pj +—1 }, u¢, z¢, m):

2. for all & do

3 Dkt = sz-’t_l motion_model(mean(x; ), u;, mean(x;))
(2

4: pr.t+ = n measurement_model(z;, mean(xy,), m)pr ¢

3 endfor

6: return {px ¢ }
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Monte Carlo localization

b Algorithm MCL(X;_1. us, 24, m):

2 X=X, =0 T map
R form = 1to M do

4: 2™ = sample_motion model(u,, :cyf]l)/l
5: w!™ = measurement_model(z,, /™, m)
6 T — %+ (@™ wf™)

75 endfor

&: form =1to M do

9 draw ¢ with probability o wy]

10: add :cl[ti] to A}

L1 endfor

12: return X
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