Supplementary Material for ECCV 2012 Paper:
Extracting 3D Scene-consistent Object
Proposals and Depth from Stereo Images

Michael Bleyer!*, Christoph Rhemann'*2, and Carsten Rother?

! Vienna University of Technology, Vienna, Austria
2 Microsoft Research Cambridge, Cambridge, UK

Abstract. This document accompanies the paper: “Extracting 3D Scene-
consistent Object Proposals and Depth from Stereo Images”. We provide

implementation details and results of a competing object segmentation

method [1]. We also show our results on the Middlebury Stereo Bench-

mark [2]. Note that information given in this document is not necessary

to understand the content of the main paper.

The Match Measure In the definition of the photo consistency term of sec. 2
(Model), we have described the match measure as being a weighted sum of
gradient and color differences. Let us now formulate this match measure. Note
that our photo consistency term (which includes the match measure) is identical
to that described in the Patch- Match Stereo paper [3] where the following
information can be found as well.

The function ¢(q,q’) of eq. (3) computes the pixel dissimilarity between a
pixel g of the left and a pixel ¢’ of the right image as

¢(q.q) = (1= a) -min(|[Iy = Iy ||, 7o) + o~ (|| ALy = Alyl], Tgraa)- (1)

Here, ||I, — I|| denotes the L1-distance of colors of ¢ and ¢’ in RGB space and
||AI,— Al || represents the absolute difference of gray-value gradients. By using
the gradient we can handle small radiometric differences that occur in left and
right images (e.g., one image is slightly darker than the other). We truncate the
pixel dissimilarities using parameters 7.,; and 7g.qq. This truncation limits the
influence of occluded pixels in the cost aggregation procedure.The parameters
are set as described in [3], i.e., {a, Tcol, Tgraa} = {0.9, 10,2},

Depth Segmentation Algorithm In the Object Image Computation step of sec.
3 (Optimization), we have described a depth segmentation algorithm. We now
explain this method in more detail.

As described in the paper, we start by applying a meanshift color segmen-
tation algorithm [4] on the left input image. We then fit a disparity plane to
each color segment using our initial disparity map F’. We now extract groups of
segments that can be well modeled using the same disparity plane via applying
an energy minimization approach that is explained as follows.

We first record all planes that have been computed in the plane fitting pro-
cess. Our goal is to assign each color segment to one of these planes such that an
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Fig. 1. Object segmentation result of “Blocks World” [1] on one of our images.

energy is minimized. This energy consists of a data term and a smoothness term.
For each pixel of the left image, the data term measures the absolute difference
between the point’s disparity according to its assigned plane and its disparity
in the initial disparity map F’. The smoothness term puts a constant penalty
on spatial neighboring pixels assigned to different planes (Potts model). Note
that there is a parameter A that balances data and smoothness terms. To ap-
proximate the energy minimum, we apply alpha-expansions of all planes present
in the original solution, i.e., the one obtained after plane fitting. Note that the
computational complexity of this step is relatively low, as the energy can be op-
timized on a segment level. (Nodes in the graph correspond to whole segments.)
After running three iterations of the alpha-expansion algorithm we obtain our
depth segments by grouping all color segments that are assigned to the same
disparity plane in the optimized solution. A\ represents the parameter that we
vary to obtain depth segmentations of different granularities such as shown in
fig. 4 of the paper.

Results of “Blocks World” [1] As stated in the paper, “Blocks World” [1] can be
regarded as a competing object segmentation method, as this algorithm gives a
mapping of image pixels to one of seven different classes. We experienced that
the publicly available code of [1] gives only very coarse segmentations on our
test images, which are clearly inferior to our result. An example result for the
“Parade” test set is shown in fig. 1.

Middlebury Results We show the results on all four Middlebury images in fig. 2.
Fig. 3 shows our ranking in the Middlebury Online Table [2]. Our method takes
rank 13 out of 117 algorithms. It also performs better than our reimplementation
of [3] (see fig. 3).

Generality We train object stereo [5], our reimplementation of PatchMatch
stereo [3] as well as our algorithm on the Middlebury evaluation set shown in fig.
2. We then apply the parameters that gave the highest Middlebury ranking for
computation of the 2005 test set. Quantitative results are shown in tab. 1. Our
algorithm achieves the lowest error percentage on 3 of 6 images (bold numbers
in tab. 1). Fig. 4 shows the corresponding disparity and error maps.

Individual terms of the energy function Tab. 2 shows the contribution off indi-
vidual terms to the quality of disparity maps. Here, we test our method with
the same parameters as in the previous experiment (= “All Terms On” in tab.
2). “Gravity Off” means that we set Agpquity := 0, while the other parameters
are set to the values of “All Terms On”. This disables the gravity constraint.
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Books Laundry Reindeer | Avg.
Error

Object
stereo 6,71 13,14 11,37 15,550 11,54 7,17 10,90
PM
Stereo 911 9,31 5,16 12,53 9,51 4,79 8,40
Ours

8§36 7,68 517 11,76 9,25 5,16 7,90

Table 1. Generality of our approach. We plot the percentage of pixels having a dispar-
ity error > 1 pixel in unoccluded regions (black pixels in fig. 4). Our method performs
better than object stereo [5] and PatchMatch stereo [3] on 3 of 6 images and achieves
the lowest average error percentage.

All Terms
On 8,36 7,68 517 11,76 9,25 5,16 7,90
Gravity
off 8,30 8,20 5,20 11,84 9,51 5,70 8,30
Intersecti
on Off 7,63 8,08 4,86 12,18 9,35 5,34 7,91
Tightness
off 8,00 8,10 5,26 12,15 9,56 6,19 8,21

Table 2. Influence of physics-based terms of our energy. We plot the error percentage
in unoccluded regions (black pixels in fig. 5). Red numbers indicate a lower error
percentage in comparison to “All Terms On”.

“Intersection Off” means that we set Ajntersect := 0 to disable the intersection
constraint. All other parameters are set to the values of “All Terms On”. We
finally disable the bounding box tightness constraint by setting Aigns 1= 0 (=
“Tightness Off”). Switching off individual terms leads to higher error percent-
ages, in general. Corresponding disparity and error maps are shown in fig. 5.
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Fig. 2. Results on the Middlebury set. (a) Disparity maps. (b) Disparity errors > 1
pixel.
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‘around tuth ‘around truth ‘around tnuth around truth
nonocc all  disc |nomocc all  disc |nonocc all  disc |nonocc all  disc
A A4
ADCensus [94] 14811 5731|0092 0257 1153|4106 6223 1096|2426 7256 6957 .97|
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RVbased [116] 0958 1420 4987|0116 02911 1.071 59821 11630 15.425| 2354 7.617 6816 L |
1293 4765 | 0.135 0.4520 1.8712| 3.535 8.30 11 9.634 |2.9021 8.7820 7.79 18 4.19
1397 5.005 [0.2123 0.3817 1.8913|4.8410 9.9419 12611| 2539 7.699 7.3812 |- 4.57‘
14310 474401816 0269 2402250112 91216 12.812|2.7816 85723 6998 | 4.60]
17626 5.9821| 0127 04622 1.7410| 3454 8.38 13 10.05 |2.9323 87327 7.91 20 [0 439
1.6519 6.7835|0.19 16 0.28 10 26130 3.123 5.101 8.651 |2.8920 7.9514 8.2627 4.06|
1355 6.0422 (01817 0.246 2.4425|5.0213 9.30 17 13.0 15| 34935 8.47 22 9.01 41 Ll 4.98)
16215 6.3627|0.5955 0.69230 4.6156| 4137 7.597 1128|2201 6994 6361 | 4.48|
20966 23352 9.3164|0.2122 0.39 15 26231| 2992 8.168 9.623 | 2.477 7.8010 7.1109 [l 4.59
22251 7.2244| 0115 0225 1.344 |6.5131 9.9820 16.4 36| 2.92 22 8.00 15 7.90 19 .39
1.8230 7.8655|0.1919 0.3112 24425 4259 5552 1097149973 5781 86634 | 4.52]
1.8434 8.17 57 | 0.50 50 0.76 41 5.28 6o 8179 8752 6893 6.683 4.48|
1.53 12 5.64 13| 0.3235 0.8850 4.1550|5.60 18 13.0 45 14.5 17| 2.65 13 9.1637 7.69 17 [ 5.51)
PatchMatch Reimpl. 2 1.9239 8.3053|0.5050 0.8445 4.7656| 2871 8055 8.431|244c 7.054 7.08s5 | 49|
CostFilter [95] R 7.6150/0.2021 0.3919 2.4223|6.1625 11.833 16.020|2.71 14 82418 7.66 16| .55|
0872 25455 4693 |0.16 14 05326 2.2220| 64428 11.529 16.292|3.59 35 9.4945 8.9540 [ | 5.60|

Fig. 3. The ranking of our method in the Middlebury table. Our algorithm takes ranks
1 and 2 on the complex Teddy and Cones images according to the error in non-occluded

PatchMatch Stereo (Our Reimplementation)

Ours

Fig. 4. Corresponding disparity and error maps for the experiment of tab. 1.
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Fig. 5. Corresponding disparity and error maps for the experiment of tab. 2.




