Optimization on SE(2)/SE(3)
manifolds

Karel Zimmermann
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graph-SLAM with dynamic gridmap construction
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graph-SLAM formulations

GPS odometry marker(s)
x* = arg mm Z |x, — zgpSHEgps + Z |W2r(X,, 1, X,) — z"HZV + Z |w2r(m/, x,) — zH;
X0 .
Vol Driors motion model loop-closures

X

+ 2 1%, = XN+ QN8 u) = XI5 + Z |w2r(xg, X1,
[



Optimization

x* = arg min Z X, — zgpSHngs + Z |W2r(x,, ;,X,) — z"H%y + Z |w2r(my, X)) — zHém
[

Xo XT

[
i Z 1%, = XN+ Q8 u) = x5 + Z |l w2r(xq. xp) 112,

[
2 m m ?
(%) whaf IS f dlmzensmnallty
= argmin ||f(x)||* where f(x):I

S (x)

X

= arg min Z Hfl-(X)HZ = arg min

INX) || vector of residuals

n

Alternative formulation: argmin ||f(x, + Ax)||* where X; is an initial solution

AX

~ arg HAlin 1f(xp) +f (xpAX)||* = — [f' KT f(x;)

— [

—_ |

GN: X1 = X — [/ XI7 f(x;)

mxn

X arg rrAlan 1f(x,) +f (x)AX)||* = — [f'(x;) + AI]Tf(x,) LM: X, =X, — [f'(x)+ A" f(x;)

subject to ||AX||* < ¢ IR:
scipy.optimize.least_squares(fun, x0, jac, method=‘Im’)



45

40 -

35 -

30 -

25 -

20 -

15 -

10 -

0
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absolute marker
relative marker
odometry

some optimised poses

some ground truth poses
(not used In optimisation)

noise:
o odom 0.2m/0.2rad

o markers 0.3m / 0.3rad
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Optimization in SE(2) manifold trajectory length 101

What will break 1t?77?7



Optimization in SE(2) manifold trajectory length 101

odom/marker ini

noise 0.5
c odom=0.2
Cc ma=1

C mr=1 adversarial ini
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Optimization in SE(2) manifold trajectory length 401
successive optimization with iIncoming measurements

noise markers = 0.5 noise odom = 0.1
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Optimization
Karel, you don't know

how to code stuft properly

scipy.optimize.least_squares(fun, x0, jac, methoc

Optimization time [S]

‘ .

Martin, then show me how
nerds do the |job!

5 S M ((What about 50ms?




Optimization
scipy.optimize.least_squares(fun, x0, jac, method=‘Im’)

Solution time grows fast with:

o problem dimensionality (e.g. DOFxT+M)
o number of residual terms (e.g. number of measurements)

In practise you introduce simplifications:

o Jacoblan Is extremely sparse => use sparse matrix to represent it

o when new measurement comes only a sub-graph is optimized

o pre-integrate some factor (e.g. sum up odometry measurements over 0.5S)
o sparsification of old factor graph

o to tackle the real-time requirements frontend and backend optimizers used
o limited temporal horizon considered




summary
Understand SLAM problem in SE(2)

Write down optimisation criterion in negative log-space for gaussian prob. distr.
Solve underlying opt. problem using non-linear least squares

Issues:
o covariance delivered by sensors Is really bad

o measurements are strongly correlated
o gradient optimization converges to a local minimum

o Nnoise often non-gaussian => if modeled optimization iIssues
o factor graph keep growing to infinity vs realtime requirements

Next lecture: Adds lidar's measurement probability



