. Topic 13
Evaluating Pose Likelihood

Range and Bearing Estimation
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@ Bayes filter model to estimate true
pose from all possible poses

® recursive Markovian inference over
time with predict-update loop

@ Particle filter algorithms predict-
update with sample set of poses
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@ Bayes filter model to estimate true

pose from all possible poses

® recursive Markovian inference over
time with predict-update loop

@ Particle filter algorithms predict-
update with sample set of poses
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posterior likelihood dynamics prior

What are we still
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A Cupdate”  predict” G compute
T ot localization?

How to evaluate the likelihood of a
pose given robot observations?

® recursive Markovian inference over
time with predict-update loop

@ Particle filter algorithms predict-
update with sample set of poses




Particle flter
recap

posterior likelihood  dynamics prior What are we still

p(xXi|Zy) = alp(Z| X ) / X | X -1 ) 7(.x!c—llzlc—1 -, mISSIng 'I'O

A Cupdate”  predict” G compute
i ot localization?

How to evaluate the likelihood of How tfo predict a new belief
a pose given robot observations? given robot odometry?

® recursive Markovian inference over
time with predict-update loop

@ Particle filter algorithms predict-
update with sample set of poses




Particle filter steps
1.(Re)sample particles

2.Predict forward in time




L. 2>

SRR s Particle filter steps
RIS 1.(Re)sample particles

2.Predict forward in time
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What should happen
during initial sampling?




poses sampled from a uniform distribution across pitch




poses sampled from a uniform distribution across pitch

Particle filter steps
1.(Re)sample particles

2.Predict forward in time
(skip this for now; assume no movement at t=0)

3.Update particle weights
4. Repea’r




poses sampled from a uniform distribution across pitch

Particle filter steps
1.(Re)sample particles
2.Predict forward in timej|
3.Update particle weights




remember from previous example: poses seeing green/
orange landmark should receive higher weights




note: belief for particle filter are pose samples weighted
by protﬂili’ry (noted by size of ellipse)




note: belief for particle filter are pose samples weighted
by prolﬁili’ry (noted by size of ellipse)

How to evaluate

- N
p(xolzo)] the likelihood of
| each pose sample?




consider again the robots coordinate spaces
view space:
image with
coords in
center of view

pose space:

represents 3D

space centered
at robot




To evaluate a pose, we could graphically render what
should be seen at the pose and compare to image




o q;:‘.-'“ ]
.-'.:.-_-'_" T ;

1
. ject object
| = compare rendered prOJec : 260
70 st Bl 40 corners into
dimensions foBoRView

Good approach in general, but our
robots have significant uncertainty due

to low resolution, barrel distortion, etc.




Instead, we will compare the range and bearing of || |
objects in robot pose coordinates —




Instead, we will compare the range and bearing of || |
objects in robot pose coordinates —




Instead, we will compare the range and bearing of
objects in robot pose coordinates -




Instead, we will compare the range and bearing of
objects in robot pose coordinates -




Estimating range and
distance from blob

@ Construct two functions:

@ Predict object distance from blob height

@ Predict object angle form blob center

£/ f CDangle to
) || object




Estimating distance from
examples




Basias collection of blob-
distance pairs at every
10cm from 10-380cm
(out of date)
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Basia’s collection of blob-

distance pairs at every
10cm from 10-380cm

(out of date)
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input: blob height (pixels) by’




Basias collection of blob-
distance pairs at every
10cm from 10-380cm
(out of date)
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how to predict range for a
new blob height value?
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Basias collection of blob-
distance pairs at every
10cm from 10-380cm
(out of date)

how to predict range for a
new blob height value?

find the nearest neighbor
and use its prediction (1-NN)

®* oo
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resulting function from
nearest neighbors
approximation
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nearest neighbors
approximation

height can result in
large change in
estimated range
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Basia’s collection of blob-
distance pairs at every
10cm from 20-380cm
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how to predict range for a
new blob height value?

average of all points

- weighted by distance
r’ = sumi(wi*r) b ) ® g 4

, N
_wi = exp(-(bn'-bn)2/0) @
i 150

input: blob height (pixels) by’

=
L2
W
o
®
-
@
=
g
3
=1
=
o




output: landmark range (©m)
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resulting function from
weighted average
approximation

r’ = sumi(wir)

wi = exp(-(bn'-bhi)?/0)

(same variance across training data) |
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Basia’s collection of blob-
distance pairs at every
10cm from 20-380cm
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how to predict range for a
new blob height value?

average of all points

weighted by distance
r’ = sumi(wi*r) b 2] ° d 4
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approximation

r’ = sumi(wir)

wi = exp(-(bn'-bni)?/0)

(variance at each point weighted by
distance to nearest input)
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one more: spline
interpolation
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Estimating range and
distance from blob

@ Construct two functions:
@ Predict object distance from blob height

@ Predict object angle form blob center

£ /R CD angle fo
N/
) i |\ object




Approximating bearing

b.": blob position

bject :
o from image center

Image extent
. (160 pixels)

Image plane -

field of view

(30 degrees) Sk ¢’ blob position
~ image extent

* field of view

assuming similar friangles
for perspective




Instead, we will compare the range and bearing of
objects in robot pose coordinates -




take every landmark and project it into robot pose
coordinates

p": 2D location of
landmark center in
field coordinates

p": 2D location of

landmark center in
robot coordinates |\




view from robot
coordinates

Px"

Py’
$h

p": 2D location of
landmark center in
field coordinates

Px’




Instead, we will compare the range and bearing of
objects in robot pose coordinates -
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— arccos(d - b) = AP, (bearing difference)
= arccos(cos(a) cos(3) + sin(a) sin((3))

Ar = |rx-r'|  (range difference)



for multiple landmarks, approximate by computing

likelihood for each and then average
—
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P(Xo|Zo) =
1/IM| 2M I(z=ilx)

evaluate every pose sample




Particle flter
recap

posterior likelihood  dynamics prior What are we still

p(xXi|Zy) = alp(Z| X ) / X | X -1 ) 7(.x!c—llzlc—1 -, mISSIng 'I'O

A Cupdate”  predict” G compute
T ot localization?

How to evaluate the likelihood of a How to predict a new belief
pose given robot observations?

® recursive Markovian inference over
time with predict-update loop

@ Particle filter algorithms predict-
update with sample set of poses




Sl Particle filter steps
¢1.(Re)sample particles

= 2.Predict forward in time
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4. RepedJr




Player reports a pose estimate in odometric coordinates,
we cannot trust this localization (eg, odometry lab)




odometry error due to accumulated noise over time;
however, poses close in fime are reasonably accurate

"




odometry error due to accumulated noise over time;
however, poses close in fime are reasonably accurate

predict:
add odometry difference
to pose hypothesis




matlab example

® field__coordinate__transform.m

world space robot pose space
T T T T T




matlab example

@ /course/cs148/pub/range_function_approximation.m
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