LONG BEACH Connecting the Dots: Learning Representations for Active Monocular Depth Estimation
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Introduction Method Overview Method Details
Passive vs. Active Stereo? o o R Photometric Loss - Minimize smooth census loss [3] to maximize photometric consistency:
Active Stereo can reconstruct textureless regions by projecting into the scene. " !

Disparity Map Reference Pattern P Disparity Map L X
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Learning representations? Y
We find that a conv. network is estimating disparities effectively, despite no absolute I I‘l D \\‘\\

D.
War Warp . - . . . . . . . . |
location information is encoded 1P, ) 1>/ / Warp \ \[\ \ 1, P, Disparity Loss - Encourage disparity discontinuities at edges of the ambient image:
T =
) / _ / .
Where does the supervision come from? Disparity Decoder Disparity Decoder Lp (D, Ei) = Z —log (p(D;(z,y), Ei(z,y))) - (2)
Self-supervision. We use robust photometric and geometric losses. Y
That's all? Gradients Gradients Edge Loss - Avoid trivial solution to disparity loss:
We further utilize ambient edge information that can be disentangled from the input.
- / / P b s Ly (B, Ar) = — > Aj(x,y)log Bx(z,y) + w (1 — Aj(z,y))log(1 — Ex(x,y)).  (3)
. Lo J = T,y
Okay, you got me. Where can | get it? Ijane IAfpne
https://github.com/autonomousvision/connecting_the_dots Geometric Loss - Utilize multiple views of the same static scene:
ﬁg(Di,X;) — Z min (|x, — bfD; (K x) 7). (4)
Set-Up | x€X;
[/ Edge Decoder Edge Decoder ])
I...Inputimage P ... LCN reference pattern
D ... Predicted disparity map  E ... Predicted edge map
Quantitative Results Qualitative Results P ...LCNinputimage D’ ... Disparity magnitude = |VD|
A ... Ambient image X ... Point cloud from predicted disparity map
0(0.5) o(1) 0(2) o(5)
I - D 6.22 3.00 1.63 0.85 o
I - Drow 819 435 240  1.07 More Qualitative Results
I - P 11.83 508  2.46 111
I - Prow 5812 2881 802 2.1
- - A— D 90.71 8141 63.53 32.00
17/ irtual Projector Image Plane
DOE Architectural Choices
Lens
Laser
0(0.5) o(1l) o(2) o(b)
Lp 1092 6.00 410 272
Lp+Lp 867 423 256 1.52

Lp+Lp+ Lg 6.77 3.88 25/ 163

Influcence of Loss Function

Block Matching

Results on own Kinect recordings
GT, Input

0(0.5) o(l) o(2) o(5) ou(l) 0yu(5)

Block Matching 784 720 706 683 444 423 Conclusion
astMRF [1] 1207 836 671 514 525 357
HyperDepth |2] 15.01 1263 11.83  11.49 7.39 6.73

ours 6.77 3.88 257 1.63 1.75 0.70

't is possible to train a network for disparity estimation in a self-supervised fashion
Raw Input

Comparison to baselines » Obtains similar results to training on ground-truth disparities

+ Modeling joint distribution of depth and image edges improves depth boundaries

- Constraints on discontinuities from multiple views improves performance
acc comp h.mean

[ Block Matching  551.082  3.883 7.712
| ~astMRF [1] 12690 6971  8.999
HyperDepth [2] 8.759 5263 6.575
—_—- Ours 11.042  3.147  4.898
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