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We demonstrate unsupervised learning of a 62 parameter 
slanted plane stereo vision model involving HOG features as 
surface orientation cues.


 

Unsupervised learning is based on maximizing conditional 
likelihood. 


 

We implemented a Hard conditional EM algorithm for 
training:

• For the hard E step, we use a form of Max-Product 
Particle Belief Propagation.

• For the hard M step, we implement gradient descent 
using a contrastive divergence approximation


 

The performance achieved with unsupervised learning is 
close to that achieved with supervised learning for this 
model.

Perpective camera:

Assume a coordinate system on a surface patch. Mapping 
from surface coordinates to 3-D coordinates gives:


Let:

We have:

This gives the general relation between the disparity plane 
parameter and the surface orientation:

Here:

Y coefficient of the disparity planeB

Here:

Pixel disparity:

Smoothness cost:

Matching cost:

Texture cost:
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VI. Experiment 1: Middlebury dataset

Minimize

where

IV. Parameter Training Using Hard Conditional EM

VII. Experiment 2: Stanford dataset
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Figure: Improvement with training on the Middlebury 
dataset

Table: Performance on the Middlebury stereo evaluation. The number shown are for 
unsupervised learning with texture features.

System parameters:

• 4 image pairs were used as unsupervised 
training data

• 6 iterations of Hard Conditional EM

• For Particle BP inference: 15 candidate 
planes (particles) for each segment. 

• For gradient descent with contrastive 
divergence: 8 parameters updates with 
constant learning rate

Table: RMS disparity error and average error 
(average base 10 logarithm of the multiplicative 
error) on Stanford dataset. Note that texture 
information helps imrove the performance in 
both supervised and unsupervised cases.

System parameters:

• 200 rectified stereo image pairs (with ground truth 
depth) of outdoor scenes (buildings, grass, forests, 
trees, bushes, etc.) and some indoor scenes: 180 for 
training + 20 for testing

• We used groud truth depth for supervised training, and 
unlabeled stereo pairs for unsupervised training

• For Particle BP inference: 15 candidate planes 
(particles) for each segment. 

• For gradient descent with contrastive divergence: 8 
parameters updates with constant learning rate
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