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A DLT(Direct Linear Transform)
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A both cameras are identical (same Intrinsic
parameters), and one is translated horizontally with respect to
the other
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Feature Extraction Cost Cost Aggregation Disparity Estimate
Volume

Rectified Stereo Pair

J(0) = |d = fo(vi,va)[?
f(v1,v2) = c(g(v1),9(v2))

J-R. Chang, ¥S. Chen, Pyramid stereo matching network., in: Proceedings of the

IEEE/CVF Computer Vision and Pattern Recognition, 2018. e
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Photo Tourism Microsoft

Exploring photo collections in 3D
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(Structure from Motion)

(Bundle Adjustment)
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(Structure from Motion)
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So-called prior

(Atmospheric perspective).
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KITTI dataset
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videos or multiple frames
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