Controlling Robotic Manipulations via Bimanual
Gesture Sequences
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Abstract System for continuous Gesture Detection

e Probabilistic gesture detection framework e User defined mapping of gestures to robot actions
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(bottom) Activation of gestures using summed probability

over time window and hand position. Static gesture point Fig. 3: The system diagram displayed in ROS.
and dynamic gesture swipe down were detected and triggered. Implementation as independent nodes.
Gesture grab detected, connected robot action not triggered.
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D — {B,,g,, }, r goes over recordings per gesture,
g goes over available gestures

Bf,,i = [07,,...,0.,1,], 1, is label for the ges- Set of Recognizers
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ture g, 1T length of the recording.

G: We consider three types of
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Observation Bgt is a set of hand parameters:
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e static gesture O}, = |a1,...,an,d1,...,d; ], e Static (e.g. grabd) I .
where ai,...,0a, are bone angles of the hand, ° Dynamic (eg Swipe fright) [ 8'35 [0.002
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e dynamic gesture Bﬁt = |p1,...,Pm|, Where X 0.6 L0050
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recognizers, we picked best performing 'ig. 4: ProMP representation pis 5. Recognition of Dy-
method for static and dynamic type and (mean visualized) of dynamic y,mic gestures by DTW. Ob-

Robot Actions constructed confusion matrix visualizing syv.ipe gestures (hand palm po- gerved data are compared to
balanced accuracy. sitions). gesture path representation.
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R: Represented as probabilistic
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Gestures set & Mapping example setup

Custom mappings can define various scenarios. Sample build scenario mapping:

Fig. 9: Touch Fig. 10: Kick |

| Kick Motion primitive condition e Grab — close gripper o Swipe down — Touch focused object 8 ool
(time ¢ = 0 — 100%): o Thumbs-up — open gripper (uses Structures helper class *) rower el
o Stalo‘t.(t:()%) given b}.f end.l—effector positioon e Open fingers (point, two, ..., five) o Swipe up — Go to Home position .
o Position ~ and  direction ~ at  time — make focus on object with e Swipe front-right — Kick focused oo A
t € (656%,75%) is given by the pose of (id="number of opened fingers") object ol 02 o3
the focused object and direction towards it *) decides based on context (scene objects, build configuration, attached object), target position
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