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Abstract

The depth information obtained from multiple view algorithms or RGB-d sensors is frequently incomplete [3]. We study how
to improve the scene depth estimation combining any kind of rough initial estimation with a pipeline for pixel-wise labeling
optimization [5]. Our preliminary pipeline makes use of superpixel image segmentation and Markov-Random-Field solvers,
both of them very powertul tools frequently used to obtain a robust and consistent labeling in an image. We propose and
analyze how to modity the MRF cost functions and superpixel description to improve the performance.
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Pipeline and Sample Results

1. Input image + input depth (from any kind of source)
RGB-d depth map
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Tsukuba

23.4555

21.4349

20.7857

Venus

17.9249

13.3355

8.8710

Cones

31.9362

25.0465

8.9230

Teddy

32.0781

25.6495

9.6206

Sawtooth

16.0922

13.2377

9.51

Bull

12.7467

10.3099

7.4231

Poster

15.7758

11.4537

9.3676

Barnl

15.6588

12.3351

9.5196

Barn?2

15.3817

12.8297

10.2926

3. Input depth + segmentation = initial superpixel depth: the whole
superpixel gets a depth value according to its pixel depth distribution

Map 21.5471 23.2944 21.7738

aDatasetS: http://vision.middlebury.edu/stereo/data/
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4. MRF based depth propagation + smoothing — final depth estimation
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Analysis of MRF cost function

Energy Function: Unary cost Binary cost
(per superpixel) (for each couple p,q of neighbouring superpixels)
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