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Parallel Vision: An ACP-based Approach to Intelligent Vision Computing
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Abstract In vision computing, the adaptability of an algorithm to complex environments often determines whether it
is able to work in the real world. This issue has become a focus of recent vision computing research. Currently, the ACP
theory that comprises artificial societies, computational experiments, and parallel execution is playing an essential role in
modeling and control of complex systems. This paper introduces the ACP theory into the vision computing field, and
proposes parallel vision and its basic framework and key techniques. For parallel vision, photo-realistic artificial scenes are
used to model and represent complex real scenes, computational experiments are utilized to train and evaluate a variety of
visual models, and parallel execution is conducted to optimize the vision system and achieve perception and understanding
of complex environments. This virtual/real interactive vision computing approach integrates many technologies including
computer graphics, virtual reality, machine learning, and knowledge automation, and is developing towards practically

effective vision systems.
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Fig.1 Plan view of the virtual train station!® (Revealing the concourses and train tracks (left), the main waiting room

(middle), and the shopping arcade (right). An example camera network comprising 16 virtual cameras is illustrated.)
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Fig.2 The virtual KITTT dataset!®?. (Top: a frame of a
video from the KITTI multi-object tracking benchmark.
Middle: the corresponding synthetic frame from the
virtual KITTI dataset with automatic tracking ground

truth bounding boxes. Bottom: automatically generated

ground truth for optical flow (left), semantic segmentation
(middle), and depth (right).)
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Fig.3 The SYNTHIA dataset®! (A sample frame (left) with its semantic labels (middle) and a general view of
the virtual city (right).)
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