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Abstract

In this supplementary material, we provide the details of
the initialization algorithm, as well as more experimental
results compared to state-of-the-art methods on the public
benchmarks.

1. Initialization Algorithm

In this work, a simple strategy is used to generate candi-
date homography proposals and an initial labelling. We first
compute an initial motion field via PatchMatch [1], then we
use Direct Linear Transform (DLT) [3] to fit homographies
for small local regions, and grow the regions to consistent
neighbouring pixels for initial labelling. See Algorithm 3
for the details. In further we would like to test more initial-
ization strategies.

2. More Results
2.1. Results on KITTI

Figure 1 shows the quantitative results on the the
test set of the KITTI benchmark at the time of writing.
Complete results can be found at the official webpage:
http://www.cvlibs.net/datasets/kitti/
eval_stereo_flow.php?benchmark=flow.

2.2. Results on Middlebury

Figure 2 shows the quantitative method evaluation re-
sults on the the fest set of the Middlebury benchmark at the
time of writing. Complete results can be found at the of-
ficial webpage: http://vision.middlebury.edu/
flow/eval/results/results—el.php. Note that,
all the methods have sub-pixel accuracy, and a very small
difference in one sequence may lead to a large difference in
ranking.

Algorithm 3: Homography proposal generation and
initial labelling

1 Initialize a dense motion field by e.g. [1];

2 Initialize a label map with all pixels unlabelled;
30+ 0;

4 while unlabelled pixels exist do

5 Pick out an unlabelled pixel x;

6 Fit a homography H; with points in a small (e.g.
5 x 5) window Wy centered as x;

7 Label unlabelled pixels in Wy with [ and push
them into queue Q;

8 while Q) is not empty do

9 Pop-out a pixel p from Q;

10 foreach q as p’s unlabelled neighbour do
11 if q’s motion fits H; then

12 | Label g with [ and push it into Q;
13| I« 1+1;

14 ifl > L4, (e.g., 1000) then

15 Sort the labels according to their labelling areas;

16 Set all pixels of the | — L, 4. labels with smallest
areas as unlabelled, then label each of them with
its nearest label on the image.

Figure 3 compares the proposed method with method
of [2] which uses translation and similarity models ex-
tracted from nearest neighbour fields. Visually inspected,
our method yields smoother, and more accurate optical flow
estimates.

We also show in Figure 4 the overlay of the reference
frame and our optical flow estimation result on the on
“Beanbags” and “DogDance” sequences.


http://www.cvlibs.net/datasets/kitti/eval_stereo_flow.php?benchmark=flow
http://www.cvlibs.net/datasets/kitti/eval_stereo_flow.php?benchmark=flow
http://vision.middlebury.edu/flow/eval/results/results-e1.php
http://vision.middlebury.edu/flow/eval/results/results-e1.php

2.3. Results on Sintel

Figure 5 shows the quantitative method evaluation re-

sults on the test set of the Sintel benchmark at the time of
writing. Complete results can be found at the official web-
page: http://sintel.is.tue.mpg.de/results.
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Figure 3: Qualitative comparison of [2] which uses
global translation and similarity models (images reproduced
from [2]), and our method. The flow fields shown here from
both methods are without the refinement process.
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Figure 4: Results of our method on the “BeanBags” and
“DogDance” sequences of Middlebury dataset.
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Figure 1: Method evaluation on KITTI benchmark with the default 3-pixel error threshold (captured on 21-Nov-2014). Our
method “PPR-Flow” (new name “PH-Flow” now) ranks 1st among all pure optical flow methods without stereo information
or epipolar constraint.
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Aniso-Texture [82] 40.0) 0.087 0213 0.071| 0191 0.50 = 0.125 053: 0.07+|0.93sz 1283 0925|0453 0.20s 0209 0307|0684 1374 0885
Occlusion-TW-L1[63] | 41.2 | 0.092= 0253 0071|0223 0.5151 0184 0914 01042| 08748 12547 0.7250| 047 010+ 0129 0.11z2 | 0835 1.7870 0.96&1
Adaptive [20] 441|009 0263 0.065 0234 0548 0184 05914 0104|0885 1254 0.7353|0.504 0.144 0168 0.223% | 0654 1374 0794
SRR-TVOF-NL [91] | 447 | 01145 0.2955 0.083 0.28s: 0394 0175 0772 0.09z|0.814 11137 0.79s| 0.33s 0.19a 0.18a 0317|0577 1.012¢ 0774
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DPOF [18] 456 | 0125 03357 0.083| 0263 0.2412 01943 0833 0135|0652 0982 04013 1117 025 0144 055|051 1.02x 0543
Complementary OF [21]| 456.0 | 0.114s 0.2847 0.1085 | 01810 0313 01945 0975 0.1252| 09767 13182 1.0073| 1.8 0111 0123 0223 |0.684 14851 095=
ACK-Prior [27] 4562|0114 0253 0.09s2|0.181 03717 0.1513 0782 0.0923| 0824 1143 0.7122| 1902 033 0177 0495|0776t 14430 0913
EpicFlow [103] 4740128 0367 0.09s52|0.25s5 0.394s 0.1945 1.015% 0.1145| 0.895¢ 13162 0.6945| 0.5350 0.104 011 0.1712| 0674 1434 0BTH
ComplOF-FED-GPU [35]| 48.4 | 01145 0293 0.10es| 0212 032 01945 0.9935 01145 0.8935¢ 129 0.73s3| 12577 0.144 01327 0.3070| 0644 15035 0.834
Classic++ [32] 498 | 0.092 02532 0.0714| 0234 0434 02055 11161 0.1042| 08745 13055 06645| 047 % 0177z 01443 03280 | 0.7965 16462 0923
Anigo. Huber-L1 [22] | 50.5| 01041 0284 0.0835|031es 0.56.2 02053 09250 0133|0844 1204 0.7025| 03919 01772 0153 027|064 1364 0794
TF+0M [100] 51.7 | 01041 0263 0.0714| 0223 0.36 41 0.2053 0.894 013309870 13182 1.0374| 0.565+ 0.1685 0177 0.27% | 0.765 1.59s0 0986
DeepFlow [25] 525)0.128 0.3181 01173 02864 D.44= 02683 1.347 0.15e5| 08142 12145 05835 0381 0111 04111 0244|0837 1.827¢ 11271
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TV-L1-improwed [17] | 55.4 | 0.092 0.263 0.071| 0202 0532 02135 12463 0.1145| 0903 13182 0.7250| 1.513 0.187 0177 0.317 | 0.735 16251 0.875
SIOF [87] 5570114 0284 0092|0276 0.607s 0.2557 11362 0166 | 0.9767 13357 1.0374| 04325 0.133 013z 0.18+7| 07685 1.5235 1147
LocallyOriented [52] | 57.4 | 0.128s 0.3572 0083|0337 0617 0.184 080x= 0.133| 093 1293 0.79sz| 0987 0122 01449 02131 | 0735 14851 0953
CBF [12] 575)0.1041 0284 0.09s2| 0347 0434 02133 11463 0133|0803 1.275 08251 ) 04121 0.23= 0192 0.3%9s| 0765 1.56% 1.02s
Brox et al. [5] 596 | 0114 03264 0.1173| 0272 0394 02453 1.2570 0133 1.108 13977 1.43s2| 0.89= 0.10+ 013> 0.112|0917 183m 1137
LocalTV-L1 [B5] 5028|0147 034 0143|0473 0.72a 0317 13970 0.227|0.8345 12145 0.6343| 03919 0111 0411 0223 |1.0673 1877 167a
F-TW-L1 [15] 60.0 | 0.147 03572 0.14a | 0.34n 0.597 02772 1.3675 0.1666| 0.905 1.30s8 0.765 | 0.54 51 0.133 0155 0.2025|0.684 1563 06613
CLG-TV [48] 602 | 01145 0295 0.09::2| 03271 0.558 0.2557 1.053 01769 09260 13055 0.79s3| 047 % 01772 0177 0254 | 0.743% 1575 0.88s
Fusion [6] 613 | 01145 0.3482 0.1085| 0.1915 0.2925 0.2053 1.1965 0143|1077 14280 1.2285|1.35x 0.20s 0.20%1 0.26350|1.07s0 2078 1.39a
Rannacher [23] 614 | 0114 0316 0.09352| 0253 0.57 71 02483 13274 0133|091 13367 07250 1494 0.155¢ 01443 02650 | 06951 1583 085
SuperFlow [31] 617 | 0114 0295 0.083| 0347 0532 0287+ 12367 0.2175| 09971 13286 1215|0463 0.155+ 01683 0.1921| 09062 1.8172 1.07 7
TriFlow [95] 6340125 0.3357 0.0932|0.306s 0.56e 02135 09250 0168|1077 13873 1.19a3| 0351+ 0.52102 0222 1.30102) 07355 1424 0834

Figure 2: Method evaluation on Middlebury benchmark with average end-point error (captured on 21-Nov-2014). Our
method “PPR-Flow” (new name “PH-Flow” now) ranks 13rd among all the methods.




EPE all EPE matched EPE unmatched do-10 d10-60 d60-140 50-10 s10-40 540+
EpicFlow 2 4115 1.360 26.595 3.660 1.079 0.599 0.712 217 25.859
I PPR-Flow ! 4.388 1714 26.202 3.612 1.713 0.834 0.590 2430 27.997 I
AggregFlow ! 4754 1.694 29.685 3.705 1.603 0.981 0.650 2.251 31.184
TF+OFM ! 4.917 1.874 29.735 3.676 1.689 1.309 0.839 2.349 313N
SparseFlowFused ! 5.257 1.627 34834 421 1.397 0.729 0.880 2.567 33489
DeepFlow ™! 5377 1.771 34.751 4519 1534 0.837 0.960 2730 33701
NNF-Local [#] 5.386 1.397 37.896 2722 1.341 1.004 0.683 2.245 36.342
PatchWMF-OF ! 5.550 1.781 36.257 3.339 1.843 1.277 0.581 2.612 37.319
WLIF-Flow %! 5734 1.759 38.125 3.242 1.818 1.296 0.597 2512 39.036
AGIF+OF '] 5.766 1.695 38.936 3.034 1.709 1.329 0.613 2.554 39121
CVPR-T38-Multi [2! 5.800 2.559 32.263 5.651 2489 1428 1.202 3.200 34.939
LocalLayering 2! 5.820 2143 35.784 3.817 2.342 1.399 0.580 2461 39.976
MDP-Flow?2 [14] 5.837 1.869 38.158 3.210 1.913 1.441 0.640 2.603 39.459
ComponentFusion [15] 6.065 2.033 38.912 4114 2.063 1.213 0.910 2.996 39.074
AnyFlow ¢! 6.066 2412 35.852 521 2432 1.215 1.429 3.665 34.900
SparseFlow ['7] 6.197 2.357 37.460 4.642 2273 1.392 0.681 2533 42422
EPPM 18] 6.494 2.675 37.632 4.997 2422 1.948 1.402 3.446 39.152
$2D-Matching ['°! 6.510 2792 36.785 5.523 3.018 1.546 0.622 3.012 44 187
Classic+NLP (20 6.731 2.949 37.545 5.573 3.291 1.648 0.638 3.296 45.290
FC-2Layers.FF 121! 6.781 3.083 37.144 5811 3.390 1.688 0.580 3.308 45.962

(a) Results on the “Clean” sequences. Our method “PPR-Flow” (new name “PH-Flow” now) ranks 2nd among all evaluated methods (method

“EpicFlow” [4] was unpublished at the time of writing).

EPE all EPE matched EPE unmatched do-10 d10-60 d60-140 50-10 s10-40 540+
EpicFlow 2 6.285 3.060 32.564 5.205 261 2216 1.135 3727 38.021
TF+OFM B! 6.727 3.388 33.929 5.544 3.238 2.551 1.512 3.765 39.761
SparseFlowFused %! 7.189 3.286 38.977 5.567 3.098 2.159 1.275 3.963 44.319
DeepFlow ! 7.212 3.336 38.781 5.650 3.144 2208 1.284 4107 44118
NNF-Local ©! 7.249 2.973 42088 4.596 2817 2218 1.159 4.183 44 566
AggregFlow 7] 7.329 3.696 36.929 5.538 3435 2918 1.241 4.296 44§58
PPR-Flow [#] 7423 3.795 36.960 5.550 3.675 2716 1.119 4.827 44.926
SparseFlow ! 7.851 3.85% 4040 6.117 3.838 2.857 1.071 3 51.353
$2D-Matching [ 7.872 3.918 40.093 5.975 3.815 2.851 1.172 4.695 48.782
AnyFlow ! 7.933 3.994 40.027 6.284 3.997 2.756 2279 5391 42122
PatchWMF-OF 12 7.971 3.766 42218 5712 3.568 2797 1.279 4.970 48.396
LocalLayering [°] 8.043 4.014 40.879 5.680 3.841 3122 1.186 4.990 49.426
WLIF-Flow [4] 8.049 3.837 42.348 5.851 3.657 281 1.290 5.033 45.843
FC-2Layers-FF 2] 8.137 4.261 39.723 6.537 4257 2.946 1.034 4.835 51.349
ComponentFusion [ 8.231 4.274 40.460 6.221 4.252 3.193 1.702 5701 46.696
CVPR-T38-Multi [7] §.235 4.660 37.397 7.596 4.642 3133 1.976 4.630 48.019
MLDP-OF ["8] 8.287 4.165 41.905 6.345 4.127 2.996 1.312 5122 50.540
Classic+NLP %] 8.291 4.287 40.925 6.520 4.265 2.984 1.208 5.090 51.162
EPPM 129! 8.377 4.286 41.695 6.556 4.024 3.323 1.834 4.955 49.083
MDP-Flow?2 2] §.445 4150 43430 5703 3.925 3.406 1.420 5.449 50.507

(b) Results on the “Final” sequences. Our method “PPR-Flow” (new name “PH-Flow” now) ranks 7th among all evaluated methods.

Figure 5: Method evaluation on the fest set of Sintel benchmark with average end-point error (captured on 21-Nov-2014).
We show 20 leading methods for the “Clean” and “Final” passes.



