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1 ( ) DARPA Grand Challenge 2005 Stanley

Figure 1 (Color online) Stanley after the 2005 DARPA Grand Challenge ( : https://commons.wikimedia.org/w/
index.php?curid=2807954)
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Figure 2 (Color online) Imaging and modeling in multiscale
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Figure 3 (Color online) Challenge in categorization – appearance variations
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Figure 4 (Color online) Hierarchical object recognition and scene understanding
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Towards real world perception and interaction

Xilin CHEN1*, Shi-Min HU2 & Lifeng SUN2

1 Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China;

2 Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China
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Abstract Perception and interaction are the most important and essential parts of an intelligent machine. They

are crucial and even unique channels by which to learn from the real world. In the past two decades, there has

been significant progress in closed world research on perception and/or interaction. With the current rapid de-

velopments in the areas of service robots and unmanned vehicles, perception and interaction are confronted with

challenges from the real world. This paper briefly reviews the history of computer perception and interaction,

and lists eight problems in real world perception and interaction that, if solved, will elevate the perception and

interaction capabilities of intelligent machines from a specialist- to human-level in the real world.

Keywords perception, interaction, computer vision, robot
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