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ABSTRACT

Programming industrial robots is a time consuming and expensive operation to be Realistic assumptions are that: (a) the position of the manipulated object and (b) the
performed at every change of product in manufacturing industries. position of the environment are known with uncertainties, while (¢) the contacts
We focus on robotic tasks that involve contact between the objects manipulated by the produced during the demonstration are unknown. They must be estimated using 12
robot and the environment in which it operates such as assembly. We follow a strategy time series of positions and forces measured during the demonstration. We obtain
for robot programming based on human demostration in which an operator shows the the corresponding posterior distributions of continuous parameters (a, b) and state
robot the task to perform. A human operator manipulates the object to be assembled (c) using a suitable Bayesian filtering.

which 1s equipped with sensors to measure its positions and the forces arising during
the interaction with the enviroment.

THE PROBLEM

Manual Task Planning Programming by Human Demostration

User specifies all the actions and User shows the robot what to do by demostration

foresees the sensorial inputs to control
de task

ROBOT PROGRAMMING

Automatic Task
Planning

User specifies start and goal
configuration and the trajectory 1s
found automatically

MODEL AND POSTERIOR APROXIMATION

The Data

Sample Pose Wrench ! _ The Filter

Position Orientation (rad) Force (N) Torque (Nm) [ Linear Veloci
D875 | 0.12486 . 0.253724 | 0.184328 | -0.08001 | -0.28045 060050 | 0.11825 | 0.05487 | 0.12056 | 0.00548 | -0.00749
0.00284 | 009139 0.260354 | 0.184863 | 0.04170 | -3.67032 4261550 | 041127 | 344426 | 033102 | 0.0Z706 | -0.01743

0.08527 | 0.05378 {.004852 | 0.396365 | 0.05357 | 1.45088 | -1. B3.47803 | 538300 | 7.85807 | 0.20868 | 0.00812 | -0.00119
0.03704 | 0.07361 0.003448 | 0.035026 | 0.26557 | -9.77975 57.93021 | 333006 | 749100 | 156345 | 0.00e04 | 0.00149
0.02141 | -0.02459 0.002408 | 0.000924 | 0.17657 | 3.09468 . 50.83020 | -5.25780 | -1.08979 | 0.60758 | 0.00671 | -0.00895

Following Liu and West’s Filter, at time £, we have a sample of size IV, of current states and
parameters:

{CFY, 0 :j=1,...,N}

with associated weights

The System and Measurement Models G) . -
WP :j=1,...,N}

T B S
representing an importance approximation to the time ¢ posterior
Let z; denote the data at time ¢ and D; = {z¢, D¢_1 }, the data until time ¢.

In order to approximate the posterior distribution at time ¢:
For j=1to N

P(CF; = 5,0|D:) oc P(2¢|CF; = j,0)P(CF: = j5,0|D¢—1) 1.- Identify prior point estimates of

we use a particle filter with: = »
= Y N
» Prediction step: CF,,, = Mode[CF;y1|CFY 09
~(4) i -
N HH_] — IEI-HEJ] + (]_ — ﬂ-)ﬂt,
P(CF: = j,6|D:—1) = ) P(CF: = j,0|CF;_y =i,z:_1)P(CFi_1 = i|Ds_1)
i=1 — . :
where 6; = z_f“;l wg“' ) HE‘T ) , @ = /1 — h? for some smoothing parameter h, here we
where P(CF; = j,0|CF;_1 = i, z¢—1) is given by the CF Graph. take a = 0.95.
: c (D) (V)
B Correction step: Based on the likelihood P(z:|CF; = j,#), which is a product of two Sample k from {1,..., N} with probabilities {g; s, ..., gs+1} where
likelihoods:
® For the pose measurements, the likelihood is a function of the distance, d,,,, for () o @ (2e11] a"ﬁ.(-‘f ) "g{-‘f ) )
any Elementary Contact (= vertex-plane contact). Any distance is a function of z; 9t-+1 t P\Zt+1 t+1 T+l

and # and has a different likelihood for any C' F'.
For a CF=k: and z;4 denotes the observed data at time ¢ 4 1.
*

If the EC is present, d,,, ~ N (0, 04), where o is known and depends on the

precision of the pose measurements. (k) ]
If the EC is absent, d,,, follows a distribution with a long tail for positive s eellE DS Pl A HH‘I from the &-no component of the kernel.

values and with positive mode.

For the wrench and twist measurements, the likelihood depends on the residues ﬂ[k} N "g[k] hﬂ

: . t+1 ™ ( | t+15 Vt)ﬂ
rm calculated as the difference between the measured wrench (twist) and the
projection in the wrench (twist) space for any CF. rm ~ N (0, X)), (N (0, X¢)), . _ _
where the variances are known and depend on technical factors. where V; = Vo, the initial variance calculated from the prior.

Sample a value of the current state contact formation

RESULTS AND CONCLUSIONS CEZ ~ P(|CED,00)

Sample the corresponding weight

oy . PlE | OF,009)
t+1 (k) (k)

s | P(Ze+1 | CFy1,0:11)

130 f1-v1
41 f1-e4
—— 5f1-f4
21 f1-f4 f4-e3

Prior (dotted line) and Posterior (solid line) distributions for
. parameter positions: y (vertical plane) and z (horizontal
Sequence of modal CFs Probabilities plane).
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e Here we are making inference about the environment pose wrt to world geometrical parameters. Further
work involves making inference about the rest of the parameters (object pose wrt manipulator pose).

e Another important issue is the use of statistics on the manifold SE(3), (space of rigid body displacements)
in order to avoid inconsistency (e.g. lack of invariance) when using Euclidean Space Statistics.




