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Collaboration Based on Convolutional Neural Networks Technical Approaches:

Task Objective: Design a dynamic gesture communication system in the human motion trajectory, Task Segmentation and Planning: Offline module is equipped with a GUI that
human-robot collaboration (HRC). Recognize the gestures based on the Motion following the human hand in takes as input the requests of the user and feeds the processed information
History Image (MHI) and the Convolutional Neural Networks (CNN). real time as it extends for to a second module, which is in charge of the kinematic segmentation of the

handover and picking up of == task(s) and the preplanning and management of the created segments.
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Right : nward Outward Open gripper Close gripper ) L 5 £ 5 5 motion in accordance to preplanned segmentation behavior priorities, and
The ten dynamic gesture commands. (The gripper is the end-effector of the robot). (X> m predicted and sensed human motion and environment. Robot reactive
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Feature Acquisition: The MHI approach is adopted to realize the feature human pose ?}\ J\ Predicted behawo.rs arE.aEhlleveld Vi Colft function-based SIWItChmg logic actl\//atmglthe
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extraction of human movements. This approach is a view-based template Time step ; ) 2 h human pose best suited high-level controller (stop-n-go, replan, reconnect replan, alert,

human contact). The PACl’'s underlying segmentation and switching logic

method that records the motion history of a movement and converts it into _ . . -
framework yields a high degree of modularity and flexibility.

static images. The results are scalar-valued images where more recently Trajectory prediction: RNN-based algorithm has shown to complete on
moving pixels are brighter and vice-versa. prediction cycle in less than 30 ms, thus enabling real-time HRC collaborative

iiiiii - n “ . n assembly when human pose is captured at video i |mag|ng rate of 30 Hz.
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Cost of activation - Case 3

- = +Stop and Go
Reconnect

Cost trends — trajectory replan due to human presence detected at t=6.8 sec. Temporal point clouds.

Predictive Collision Detection: Given the predicted human motion and
employing the computational efficiency of interference detection methods,
Gesture Recognition: Design a CNN model. Collect a gesture dataset with temporal point clouds sweeps are used to evaluate a robot’s trajectory,
4570 samples. The classification accuracy and F-score of our CNN model are G\ I [ L. \ ) , evaluate the dynamic environment that the robot operates in, and predict
>99% for the ten dynamic gestures on this dataset. Actual human pose: red; Predicted human pose: cyan: Actual robot position: pink; Target robot position: collisions between the robot and the environment.

Blnary images of the gesture left on dlfferent frames The MHIs of the ten dynamic gestures.
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