. Topic 13

Evaluating Pose Likelihood




Particle filter
recap

posterior likelihood  dynamics prior

“belief “update” “predict” “belief
at t=k” at t=k-1"

@ 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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Particle filter

posterior likelihood  dynamics prior What are we still
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Particle filter
recap

posterior likelihood dynamics prior thf are we Shll

i) = oz, missing to

"belief “update”  “predict” "belief compute
at t=K" at t=k-1" localization?

How to evaluate the likelihood of a How to predict a new belief

pose given robot observations? given robot odometry?  ————

® recursive Markovian inference over
time with predict-update loop
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o Particle filter algorithms predict-
update with sample set of poses

Wednesday, November 3, 2010



Particle filter

posterior likelihood dynamics prior thf are we Shll
missing to

“belief “update”  “predict” “belief comp ute

o at t=k-1" localization?

® recursive Markovian inference over
time with predict-update loop
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o Particle filter algorithms predict-
update with sample set of poses
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Particle filter steps
1.(Re)sample particles

2.Predict forward in time

260
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Initially, the robot has no  «\mi[e IR il (A MEA (=] o1
AARTATCATE 1.(Re)sample particles

2.Predict forward in time

260

What should happen
during initial sampling?
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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
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poses sampled from a uniform distribution across pitch

= '&

Particle filter s’reps
1.(Re)sample particles
2.Predict forward in time
3.Update particle weights
4.Repeat
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remember from previous example: poses seeing green/
orange landmark should receive higher weights




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

Wednesday, November 3, 2010



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

How to evaluate \
p(xolzo)| the likelihood of #

@ pose sample?
&=L

99



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

pose space:
represents 3D

space centered
at robot
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Option 1: To evaluate a pose, we could graphically render

what shgxld be seen at the pose and compare to image
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Basic Perspective Projection

d: distance of view plane
from origin along view axis

hoint in camera

assumes camera focal :
1 0 O

point at origin looking
along z-axis 0O 1 O
0 O

points must be a |
transformed from world 00 %Z

to camera space perspec’riv-e divide prOJec’rlon matrix
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: T . cbm are‘ rendered T project object
E?ﬂ imape with blob 40 corners into 260

~ General perspective requires accurate camera model

intrinsic calibration paramefters:
aspect ratio, field of view, barrel distortion
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Option 2: To evaluate a pose, we can compare the
range and bearing of objects in robot coordinates
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Option 2: To evaluate a pose, we can compare the
range and bearing of objects in robot coordinates
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Option 2: To evaluate a pose, we can compare the
range and bearing of objects in robot coordinates
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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

bh": blob height r: distance to

b.:blob center . *75 £* d:angle to

object
\%
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Estimating distance from
examples
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Basia’s collection of blob-
distance pairs at every
10cm from 10-380cm

e °
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Basia’s collection of blob-
distance pairs at every
10cm from 10-380cm
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Basia’s collection of blob-
distance pairs at every
10cm from 10-380cm

ﬂ

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

how to predict range for a
new blob height value?

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

, MR o
r' = ri | argmin; (bn'-bpi)? O .
| | 6_. |
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resulting function from
nearest neighbors
approximation
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400

0 ]
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resulting function from
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

O
O

O

O

X (out of date)

ﬂ

how to predict range for a
new blob height value?

average of all points

weighted by distance
r’ = sumi(wi*r;) ‘0’ 9 4

Wi = exp( (bh -bh.)z/ 0)
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r = sumi(wi*ri)
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Basia’s collection of blob-
distance pairs at every
10cm from 20-380cm

how to predict range for a
new blob height value?

average of all points
weighted by distance

Input: blob height (pixels) by’
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resulting function from
weighted average
approximation
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one more: spline interpolation
(generated in matlab)
" = spline(bn’,r'1.n,b1.N)
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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

bh": blob height r: distance to

b.:blob center . *75 £* d:angle to

object
\%
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Approximating bearing

b.": blob position

object ;
from image center
; image width
i image extent (480 pixels
. (480/2 pixels) for PS3 cam)
image plane oo S e SRR

angular field of view
(56°/2 degrees)

b'= .blob position fold of view
iImage extent

aov: angular field of view
(56° or 75° for PS3 cam)

assuming similar friangles
for perspective
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Option 2: To evaluate a pose, we can compare the
range and bearing of objects in robot coordinates
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take every landmark and project it into robot pose
coordinates

p": 2D location of
landmark center in

field coordinates

@ cosfl 0
0

p": 2D location of

landmark center in
robot coordinates
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‘ view from robot

coordinates
/ er‘

Py’
$h

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

Px"
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Option 2: To evaluate a pose, we can compare the
range and bearing of objects in robot coordinates
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= arccos(a - b = AD, (bearlng difference)
= arccos(cos(a) cos(f) + sin(«) sin(3))

Ar = |[r«-r'l  (range difference)

Wednesday, November 3, 2010

“low”, if .l out

view and
—~aov/2 < &, < aov/2

“high”, it I out
view and ~
—aov/2 >, < aov/2

exp(-AD*Ar),

\ otherwise




for multiple landmarks (M), approximate by computing
likelihood for each and then average

4>
M2 ms

/"

N, =

= p(Xolzo) :=
({// SN 1/IM| M |(z=ilx)
N |




P(Xo|Zo) =

evaluate every pose sample 1/IM| ZM I(z=ilx)

Wednesday, November 3, 2010



Particle filter
recap

posterior likelihood dynamics prior thf are we Shll

120 = op(zxe) | e ey s 7o) JRAACUCIRE

"belief “update”  “predict” "belief compute
at t=K" at t=k-1" localization?

How to evaluate the likelihood of a How to predict a new belief

pose given robot observations? given robof odomefry? ________

® recursive Markovian inference over
time with predict-update loop
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o Particle filter algorithms predict-
update with sample set of poses
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iParticle filter steps

<1.(Re)sample particles

3.Update particle weights
4.Repeat

p 75\

260

Wednesday, November 3, 2010



robot reports a pose estimate in odometric coordinates;
we cannot trust this pose due to accumulated error

assume
hypothesis is
correct,

likelihood will
evaluate later

error accumulates

Wednesday, November 3, 2010



however, odometry over a short time Is usably accurate
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add odometric update to pose hypothesis?

predict:
add odometry difference
to pose hypothesis
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account rotation in field vs. robot coordinate spaces

X+Trobo’r—>world(Axo):

Y+ T robot —world (AYO)/
O+AO,

Wednesday, November 3, 2010



remember from coordinate spaces lecture,
how do we actually compute odomworid?

Now, the direct odometry update can be applied
POSeworld_X = poSeworld_X + 0doMworid_X
POSeworld_Y = POSeworld_Y + 0doMworld_Y
where,

pose_a — (pose_a + angle) 7% 2pi =t
theta = pos_e_a

0doMuworid_X cosf —sinf 0
odomworld B | = sinB cos 0

odoMuworid =
/ ’rransla’re(pose X,pose_y) * ro’ra’re(pose a) * 0doMrobot

AT —
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dont forget to resample with random offsets

X+ T robot—world(AXo)+diffuse_scale*rand(),

Y+ Trobot»world (AYo)+diffuse_scale*rand(),
O+AO,+diffuse_scale*rand()
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matlab example

® field_coordinate__transform.m

world space robo pose space
I | ' T

2044 95:0.95
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matlab example

@ range__function_approximation.m

400

200

250

200 - -

output: landmark rance (om)

100 -

S0 - e

0 | 1 | L | l l
0 S0 100 150 200 250 300 350 400

input blob height (pixels)
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videos!

@ create particle filter

® Minerva
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