Object Scene Flow for Autonomous Vehicles
Moritz Menze1 , Andreas Geiger2
1 Leibniz

Universität Hannover. 2 MPI Tübingen.

This paper proposes a novel model and dataset for 3D scene flow estimation with an application to autonomous driving. Taking advantage of the
fact that outdoor scenes often decompose into a small number of independently moving objects, we represent each element in the scene by its rigid
motion parameters and each superpixel by a 3D plane as well as an index to
the corresponding object. This minimal representation increases robustness
and leads to a discrete-continuous CRF where the data term decomposes
into pairwise potentials between superpixels and objects. Moreover, our
model intrinsically segments the scene into its constituting dynamic components. We demonstrate the performance of our model on existing benchmarks as well as a novel realistic dataset with scene flow ground truth. We
obtain this dataset by annotating 400 dynamic scenes from the KITTI raw
data collection using detailed 3D CAD models for all vehicles in motion.
Our experiments also reveal novel challenges which cannot be handled by
existing methods.
Model: We focus on the classical scene flow setting where the input is
given by two consecutive stereo image pairs of a calibrated camera and the
task is to determine the 3D location and 3D flow of each pixel in a reference frame. Following the idea of piecewise-rigid shape and motion [10],
a slanted-plane model is used, i.e., we assume that the 3D structure of the Figure 1: Scene Flow Results on the proposed Scene Flow Dataset. Topscene can be approximated by a set of piecewise planar superpixels. As to-bottom: Estimated segmentation into moving objects with background in
opposed to existing works, we assume a finite number of ridigly moving transparent, optical flow results and proposed optical flow ground truth.
objects in the scene. Our goal is to recover this decomposition jointly with
the shape of the superpixels and the motion of the objects. We specify the
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Dataset: Currently there exists no realistic benchmark dataset providing
dynamic objects and ground truth for the evaluation of scene flow or optical Table 1: Quantitative Results on the Proposed Scene Flow Dataset. This
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