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Introduction of Stereo Matching

* Input: Left and right rectified images

* Qutput: Per pixel disparity map Left Image
aligned with the left image

Right Image

* Key idea: The corresponding pixels
should be photo-consistent

Projection of /

Left Right
Center of Projection Center of Projection
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Intro of stereo
First, let us have a brief review of the stereo matching task
The stereo matching task takes a left and a right image of a scene. And for every pixels in the left image, find its correspondence in the right image. The corresponding pixels should be photo-consistent

According to the epipolar geometry, the correspondence should be in the eipolar line. After rectify the image, the epipolar lines are all horizontal, and thus the camera parameters is not necessary. 


Learning-based Stereo
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Feature Extraction Volume Regularization L1 Loss

Feature Aggregation Soft Argmax
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Learning based: gc net
Recently, learning based stereo matching methods demonstrate promising results. Here we introduce one of the common baselines. 
First, deep features are extracted from both left and right image. 
For each pixel in the left image, we have a set of disparity hypothesis. Then we gather the right image features for every hypothesis, which gives a 3D feature volume. 
This feature volume is fed into a 3D CNN to produce a score volume, which is then transformed to a probability volume by softmax operation
And for each pixel, we use soft argmax to get the final disparity that has the highest probability. 
The whole network is end-to-end trained by the L1 loss between the estimation and the ground truth


Matchability i1ssue

* No or multiple hypothesis with high photo-consistency
* Occlusion: e.g. object boundary
* Non-Lambertian: e.g. specular surface
* Textureless: e.g. large plain with single color
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Matchability
Ideally, there will only be one photo-consistent correspondence among the hypothesis. But this may not hold for the following situations
First, the actual correspondence is occluded in the right image, which is often happen in the object boundary region
Second, the surface is non-lambertion, which makes the actual correspondence to have different color
These two issues makes the correct correspondence disappeared.
Third, the pixel is in texture-less region. In this situation we will find multiple photo-consistent correspondence
If a pixel has one of these issues, we call it unmatchable. 


Solution In Previous Methods

* Traditional methods
* Check the uni-modality of the probability over all the hypothesis

* Learning-based methods
* Directly estimate the confidence/uncertainty from input image
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Previous confidence estimation
Previous methods use different ways to identify the unmatchable pixels. 
For traditional methods estimating probability distribution, we can check the uni-modality of the distribution
For the learning-based methods, confidence or uncertainty map are often estimated from the image by 2D CNN


Matchability to Uncertainty

* Define Matchabillity as the entropy of the estimated probability
distribution

D-1

M(x,y) = Z p(x,y,d)logp(x,y,d)
d=0

* Transform the matchability to uncertainty by a simple 2D CNN
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input of matchability estimation
In our work, we would like to combine these ideas
To examine the uni-modality, we calculate the entropy of the distribution. 
The entropy should be highly correlated with the uncertainty, so we apply a shallow 2D CNN to map the entropy to the uncertainty map.


Joint Estimation of Disparity and Uncertainty

* Training

| x—ul
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* Model disparity as the location parameter i, uncertainty as the scale
parameter b

* Let d be the estimated disparity, u be the estimated uncertainty, dg; be
the ground truth depth

* Minimize the negative Iogllikelihood
L = ﬂ'dgt — d| + logu

* Assume a Laplacian distribution p(x|u, b) = %exp(—
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Joint estimation
Then we jointly train the disparity and the uncertainty. To do this, we model the problem as a maximum likelihood estimation. 
Assume the distribution follows a Laplacian distribution. And we model the disparity as the location parameter miu, uncertainty as the scale parameter b
The ground truth is the observed sample. 
Now we can minimize the negative log likelihood to get the estimation of the disparity and the uncertainty.
The formula can also be viewed as a scaled L1 loss with a regularization term. 


Recover the Unmatchable pixels

* Recover the the unmatchable pixels by the
neighboring values
* Use convolutional spatial propagation network
* Can be viewed as anisotropic diffusion
* Diffusion kernel is different for each pixel

* Diffusion kernel Is estimated from image, disparity
and matchability
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Recover the immatchable pixels
The estimated disparity values of the unmatchable pixels are unreliable. We choose to recover them by the neighboring values. 
In our work, we apply the convolutional spatial propagation network, which can be viewed as anisotropic diffusion. The diffusion kernel is different for each pixel, and is learnt from the image, the disparity map and the matchability map


System Overview

————————————————————————————————————————————————————————————————

E D Feature Extraction Net Scaling Net :
Soft ! D Violume Fegolarization Wet = CNI laver :
C Argmin | . :
> I:I Disparity Refinement Net ——— CS5PN layer |
B )
v
—— | R —
— ' 111" L,
- .
v
| | ‘ | Entropy
P
Baseline Disparity Regression Network Matchability Regression Matchability-aware Refinement

Fig. 1. The proposed framework. Our network contains a baseline disparity regression network, where the image features are extracted though a 2D UNet
and the cost volume are regularized via a 3D UNet. The matchability and the initial disparity maps are respectively regressed from the probability volume
using the soft-argmin and the enrropy operations. Finally we use the matchability information and input image semantics to refine the disparity output.
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System overview
The whole system is illustrated by this figure. Instead of just produce a disparity map, we regress both matchability and disparity, which are used by the joint training loss.
Then, the image, disparity and matchability are fed into CSPN for depth refinement. 


Qualitative Results

(a) Left Image (b) Matchability Map (c) Initial Disparity Map (d) Refined Disparity Map

Fig. 2. Tllustrations on intermediate results of the proposed network. From left to right: (a) the left input image; (b) the regressed matchability map; (c) the
initial disparity map; (d) the refined disparity map. These two samples clearly shows the effectiveness of the matchability-aware disparity refinement.
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Qualitative
Here is the visualization of the effect. We can see that the matchability map successfully detect the unmatchable regions. And the incorrect values are recovered by the refinement module. 


Quantitative Results

TABLE |
QUANTITATIVE RESULTS ON KITTI 2012 & 2015 STEREO BENCHMARKS OVER NON-OCCLUDED REGIONS (NOC) AND ALL PIXELS (ALL). THE D1
ERROR IS THE PERCENTAGE OF PIXELS WITH DISPARITY ERROR LARGER THAN 3 PX AND 5% OF THE GROUND TRUTH.

KITTT 2015 KITTI 2012
Methods Noc All Noc All

DI-bg DI-fg D1-all DI-bg DI-fg D1-all =2px =3px EPE =2px = 3px EPE
DispNetC [7] 411 % 372% 405% | 432% 441% 434% | 738% 411 % 09px | 811 % 465% 1.0px
MC-CNN [13] 248 % 764 % 333 % | 280 9% BB 9% 3.89% | 390 % 243% 07 px | 545 % 363% 09px
GC-Net [1] 202% 558% 261 % | 221% 616% 287% | 271 % 177 % 06px | 346% 230% 0.7 px
PSMNet [2] .71 % 431 % 214% | 186 % 462% 232% | 244 % 149% O05px | 301 % 1.89% 0.6px
DSM (Ours) 1.66 % 416 % 207% | 1.83% 456% 228% | 225% 139% O5px | 283 % 179% 05px
SegStereo [20] .76 9% 370% 208% | 188 % 407% 225% | 266% 1.68% O05px | 3.19% 203% 06px
GwcNet [19] 1.61 % 349 % 192% | 174 % 393% 211% | 216 % 132% O5px | 271 % 170% 05px
EdgeStereo [21] | 1.69 % 294 % 189 % | 1.84 % 330% 208% | 232% 146% O4px | 293% 183% 05px
GANet [4] 1.40 % 337% 173% | 155% 382% 193% | 218% 136% O05px | 279 % 1.80% 05px

CSPN [3] 1.40% 267% 161 9% | 1.529% 288% 1.74% | 1.79% 1.19 % ¥ 227 % 1.53 % _*
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Quantitative
We benchmarked our work on the KITTI dataset and obtained comparable result among the state-of-the-art methods.


Light-weight Model

* Reduce the expensive 3D CNN to save time

* 20fps at 320x576 Input

TABLE V
COMPARISON OF QUALITY AND RUNNING TIME BETWEEN THE
LIGHTWEIGHT MODEL AND OTHER METHODS ON SCENEFLOW TEST SET.

Settings EPE (px) =lpx (%) =3px (%) | Time (s)
Baseline 0.875 0.07 4.30 (.32
DSM 0.761 8.31 4.07 0.34
Baseline (lightweight) (0.952 0.66 4.56 0.15
DSM (lightweight) 0.806 B.75 4.08 0.17
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Speed up
Last but not least, we can replace some 3D CNN layers by the proposed module to make it more efficient. As is shown by the table, the lightweight model with proposed modules achieve better result than the full baseline model and spend less time. 


Thank you

Code avallable at https://github.com/jzhangbs/DSM
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