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We demonstrate unsupervised learning of a stereo vision model involving monocular depth cues (shape from texture cues). We formulate a
conditional probability model defining the probability of the right image
given the left. This conditional model does not model a probability distribution over images. Maximizing conditional liklihood rather than joint
liklihood is similar using a CRF (Conditional Random Field, [6]) rather
than an MRF (joint Markov Random Field).
The most closely related earlier work seems to be that of Zhang and
Seitz [8] who give a method for adapting five parameters of a stereo vision
model. In contrast we train highly parameterized monocular depth cues.
Also, we avoid the need for independence assumptions through the use of
contrastive divergence training — a general method for optimizing CRFs
[4].
There is also related work by Saxena et al. on supervised learning of
highly parameterized monocular depth cues [1, 2]. Unlike Saxena et al.
we train monocular depth cues as part of unsupervised training of a stereo
algorithm. Other related work includes that of Scharstein and Pal [7] and
Kong and Tao [5] who perform supervised training of stereo algorithms
using general CRF methods.
We focus on histogram of oriented gradient (HOG) features as a (texture) surface orientation cue. As a surface is tilted away from the camera
the edges in the direction of the tilt become foreshortened while the edges
orthogonal to the tilt are not. The effect on the edge distribution is shown
in the image below where the average HOG feature is shown for regions
of tree trunk and forest floor. The cylindrical shape of the tree trunk is
clearly indicated by the warping of the HOG feature.
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We will call (3) the hard E step and (4) the hard M step. Our implementation of the hard M step relies on a factorization of the probability model
into two conditional probability models each of which is defined by an
energy functional. Unlike CRFs, we do not require the energy functional
to be linear in the model parameters.
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Given this factorization of the model, the hard M step (4) can be written
as the following pair of updates.
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For the experiments reported here we use contrastive divergence [4] to
optimize (8) and least squares regression to optimize (9).
The table shows results on the Stanford color stereo dataset 1 which
has been used to train monocular depth estimation [2]. Because of problems with image pair rectification we removed from the dataset all pairs
for which the energy value achieved by loopy BP was above a specified
threshold. This left 200 out of an original 250 stereo pairs. Each stereo
pair in this dataset is associated with ground truth depth information from
a laser range finder. We randomly divide the 200 properly rectified stereo
pairs into 180 training pairs and 20 test pairs.
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