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Camera-to-Robot Pose Estimation from Image
Sequence
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Results: Camera-to-Robot Pose Estimation on
Real Data

Our Predictions Dream




Camera-to-Robot Pose Estimation Scheme




Camera-to-Robot Pose Estimation Scheme

Feature Alignment
Temporal Cross Attention




Camera-to-Robot Pose Estimation Scheme
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Framework: Belief Map Generator
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Framework: Feature Alignment
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Framework: Temporal Cross Attention
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Framework: 3D Refiner
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Results: Camera-to-Robot Pose Estimation on
Panda 3QAMO')R§>ixels AUC (%), 6cm
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Results: Camera-to-Robot Pose Estimation on
Panda 3QAMaAlisixels AUC (%), 6cm
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Results: Camera-to-Robot Pose Estimation on
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Results: Compare with Classic Hand-Eye Calibration
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Ablation Study on Camera-to-Robot Pose Estimation
AUC (%), 6cm
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Downstream Task: Robotic Grasping

Dynamic Experiment #1
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Downstream Task: Robotic Grasping

Dynamic Experiment #2
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Conclusion

* We propose a novel pipeline for camera-to-robot pose estimation from single-view

successive frames.

*  With the robot structure prior guidance, our method can efficiently fuse the temporal

feature from different frames.

* Our method demonstrates significant improvements over several datasets, strong
dominance compared with traditional hand-eye calibration, and high accuracy and

stability in downstream grasping tasks.
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