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Source Match

Target

Fig. 12: Example failures. Results produced similarly to
Fig. 4. Top: Images of entirely unrelated scenes with little
visual information in common. Bottom: SIFT descriptors
are not invariant to flipped image intensities.

Fig. 13: Match-aware failures analysis. (a-b) Source and
target images, respectively. (c-d) Scale-maps produced
using Match-aware scale propagation and a sparse cor-
respondence selection threshold of 7 = 1.5; (c) is the
source image scale-map and (d) is the target scale-map.
(e-f) Scale-maps using a threshold of 7 = 3; (e) is
the source scale-map and (f) the target scale-map. (g-h)
flow visualized as image hallucinations, estimated using
7 =1.5(g) and 7 = 3, (h). Please see text for more details.

then the match is discarded. Higher values of 7 produce
fewer yet typically more reliable initial matches.

Fig. 13 (c-d) show scale-maps estimated with 7 = 1.5
and Fig. 13 (e-f) scale maps estimated with 7 = 3 (fewer
initial correspondences used to propagate the scales;
note how these scale-maps have fewer details than those
in (c-d)). Fig. 13 (g) shows the image hallucination result
produced using dense correspondences estimated with
7 = 1.5. Faulty correspondences are clearly visible at the
bottom of the face. Fig. 13 (h) shows the result produced
with 7 = 3. Here, the face region visible in the target
image was warped correctly to the source.

The faults in Fig. 13 (g) can easily be traced to the

scale-maps of Fig. 13 (c-d): By including less reliable cor-
respondences, scales from mismatched pixels potentially
propagate wrong scales. SIFIs extracted using these
scales will capture different visual information and will
therefore not match. The Image-aware propagation of
Sec. 3.2 can be considered an extreme example of this,
where all interest points are used to propagate scales,
without filtering. Our results in Sec. 5.2 and 5.3 show
the difference in performance between Image-aware and
Match-aware propagation, providing a sense of the effect
poor sparse correspondences can have on the quality of
flow estimated following Match-aware propagation.

Reducing the amount of unreliable sparse correspon-
dences prior to scale propagation can prevent prop-
agation of wrong scales, as evident in Fig. 13 (h).
This, however, when taken to extreme by using overly-
conservative threshold values 7, may eliminate all cor-
respondences. In such cases our method reduces to
standard SIFT flow with constant scales assigned to all
pixels in both images (i.e., DSIFT).

6 CONCLUSIONS

Modern computer vision systems owe much of their
success to the development of effective scale selection
techniques, key to the extraction of local, scale-invariant
descriptors. These widely used techniques have focused
almost entirely on the few image locations where local
appearance variations provide sufficient cues for select-
ing reliable (repeatable) scales. In contrast, we propose
a means for determining reliable scales for all the pixels
in the image, regardless of their local appearances.

We describe three means of propagating scales from
pixels selected by a standard feature detector to all other
pixels. Our approach allows for truly scale-invariant
dense SIFT descriptors to be extracted and then matched
between images. An important aspect of our method, is
that unlike alternatives proposed in the recent past, it
makes very little computation and storage requirements
beyond those needed for matching standard, non scale-
invariant, dense SIFT descriptors. The result is a practi-
cal, effective, and efficient method for establishing dense
correspondences across scenes.

Our method was tested qualitatively, by producing
image hallucination results for challenging image pairs,
as well as quantitatively for its flow accuracy, and utility
in transferring segmentation and depth labels. These
have all shown how propagating scales contributes to
reliable and robust dense correspondence estimation.

This paper opens a number of prospective directions
for future research. One immediate possibility is to
explore how well other transformations, chiefly local
orientation, may benefit from a similar approach. Our
initial experiments conducted by adding an orientation-
map, analogous to the scale-maps used here, were in-
conclusive. We believe this is because rotation may be
a more global phenomenon compared to scale; rotations
are often applied to entire images whereas scales fre-
quently change from one portion of the image to another.
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Further study is required to see if and how orientation
can also benefit from a similar approach.

REFERENCES

(1]
(2]
(3]

(4]

(5]

6]

(71

(8]

(%]
[10]

(1]

[12]
[13]
[14]

[15]

[16]

[17]

(18]
(19]

[20]

[21]

[22]
[23]
[24]

[25]

[26]
[27]
(28]

[29]

K. Mikolajczyk and C. Schmid, “Scale & affine invariant interest
point detectors,” IJCV, vol. 60, no. 1, pp. 63-86, 2004.

D. Lowe, “Distinctive image features from scale-invariant key-
points,” IJCV, vol. 60, no. 2, pp. 91-110, 2004.

K. Mikolajczyk, “Detection of local features invariant to affine
transformations,” Ph.D. dissertation, Institut National Polytech-
nique de Grenoble, France, 2002.

A. Bruhn, J. Weickert, and C. Schnérr, “Lucas/kanade meets
horn/schunck: Combining local and global optic flow methods,”
IJCV, vol. 61, no. 3, pp. 211-231, 2005.

C. Liy, J. Yuen, A. Torralba, J. Sivic, and W. Freeman, “SIFT flow:
dense correspondence across different scenes,” in ECCV, 2008, pp.
28-42, people.csail. mit.edu/celiu/ECCV2008/.

C. Liu, J. Yuen, and A. Torralba, “SIFT flow: Dense correspon-
dence across scenes and its applications,” TPAMI, vol. 33, no. 5,
pp- 978-994, 2011.

A. Vedaldi and B. Fulkerson, “VLFeat: An open and portable
library of computer vision algorithms,” in Proc. int. conf. on
Multimedia, 2010, pp. 1469-1472, available: www.vlfeat.org/.

I. Kokkinos and A. Yuille, “Scale invariance without scale se-
lection,” in CVPR, 2008, pp. 1-8, available: vision.mas.ecp.fr/
Personnel/iasonas/code/distribution.zip.

T. Hassner, V. Mayzels, and L. Zelnik-Manor, “On SIFTs and their
scales,” in CVPR. 1IEEE, 2012, pp. 1522-1528.

W. Qiu, X. Wang, X. Bai, A. Yuille, and Z. Tu, “Scale-space sift
flow,” in WACV. IEEE, 2014.

R. 1. Hartley and A. Zisserman, Multiple View Geometry in
Computer Vision, 2nd ed. Cambridge University Press, ISBN:
0521540518, 2004.

T. Hassner and R. Basri, “Example based 3D reconstruction from
single 2D images,” in CVPRW. IEEE, 2006.

K. Karsch, C. Liu, and S. B. Kang, “Depth extraction from video
using non-parametric sampling,” in ECCV. Springer, 2012.

C. Liu, J. Yuen, and A. Torralba, “Nonparametric scene parsing
via label transfer,” TPAMI, vol. 33, no. 12, pp. 2368-2382, 2011.
M. Rubinstein, A. Joulin, J. Kopf, and C. Liu, “Unsupervised joint
object discovery and segmentation in internet images,” in CVPR.
IEEE, 2013, pp. 1939-1946.

M. Rubinstein, C. Liu, and W. T. Freeman, “Annotation propaga-
tion in large image databases via dense image correspondence,”
in ECCV. Springer, 2012, pp. 85-99.

T. Hassner, G. Saban, and L. Wolf, “Texture instance recognition,”
in In submission, 2015.

T. Hassner, “Viewing real-world faces in 3D,” in ICCV, 2013.

T. Hassner, L. Wolf, and N. Dershowitz, “Ocr-free transcript
alignment,” in ICDAR, 2013.

G. Sadeh, L. Wolf, T. Hassner, N. Dershowitz, and D. S. Ben-Ezra,
“Viral transcription alignment,” in ICDAR, 2015.

T. Tuytelaars and K. Mikolajczyk, “Local invariant feature detec-
tors: a survey,” Foundations and Trends® in Computer Graphics and
Vision, vol. 3, no. 3, pp. 177-280, 2008.

H. Aanzes, A. L. Dahl, and K. S. Pedersen, “Interesting interest
points,” IJCV, vol. 97, no. 1, pp. 18-35, 2012.

T. Lindeberg, “Feature detection with automatic scale selection,”
IJCV, vol. 30, no. 2, pp. 79-116, 1998.

, “Principles for automatic scale selection,” Handbook on Com-
puter Vision and Applications, vol. 2, pp. 239274, 1999.

J. Kim, C. Liu, F. Sha, and K. Grauman, “Deformable spatial
pyramid matching for fast dense correspondences,” in CVPR.
IEEE, 2013, pp. 2307-2314.

R. Basri, T. Hassner, and L. Zelnik-Manor, “Approximate nearest
subspace search,” TPAMI, vol. 33, no. 2, pp. 266-278, 2010.

E. Trulls, I. Kokkinos, A. Sanfeliu, and F. Moreno-Noguer, “Dense
segmentation-aware descriptors,” in CVPR. 1EEE, 2013.

W.-Y. Lin, S. Liu, Y. Matsushita, T.-T. Ng, and L.-F. Cheong,
“Smoothly varying affine stitching,” in CVPR. IEEE, 2011.

C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman, “Patch-
Match: a randomized correspondence algorithm for structural
image editing,” TOG, vol. 28, no. 3, p. 24, 2009.

[30]

[31]

[32]

[33]

[34]

[35]

[36]
[37]
(38]
[39]
[40]
[41]
[42]

[43]

[44]
[45]

[46]

C. Barnes, E. Shechtman, D. B. Goldman, and A. Finkelstein, “The
generalized PatchMatch correspondence algorithm,” in ECCV,
Sep. 2010.

S. Korman and S. Avidan, “Coherency sensitive hashing,” in
ICCV. IEEE, 2011, pp. 1607-1614.

Y. HaCohen, E. Shechtman, D. B. Goldman, and D. Lischinski,
“Non-rigid dense correspondence with applications for image
enhancement,” TOG, vol. 30, no. 4, pp. 70:1-70:9, 2011.

H. Yang, W.-Y. Lin, and J. Lu, “Daisy filter flow: A generalized
discrete approach to dense correspondences,” in CVPR, 2014.

M. Leordeanu, A. Zanfir, and C. Sminchisescu, “Locally affine
sparse-to-dense matching for motion and occlusion estimation,”
in ICCV. IEEE, 2013, pp. 1721-1728.

T. Lindeberg, “Scale-space theory: A basic tool for analysing
structures at different scales,”,” J. of App. stat., vol. 21, no. 2, pp.
225-270, 1994.

J. Shi and J. Malik, “Normalized cuts and image segmentation,”
TPAMI, vol. 22, no. 8, pp. 888-905, 2000.

Y. Weiss, “Segmentation using eigenvectors: a unifying view,” in
ICCV, vol. 2. IEEE, 1999, pp. 975-982.

A. Levin, D. Lischinski, and Y. Weiss, “Colorization using opti-
mization,” TOG, vol. 23, no. 3, pp. 689694, 2004.

M. Guttmann, L. Wolf, and D. Cohen-Or, “Semi-automatic stereo
extraction from video footage,” in ICCV. IEEE, 2009, pp. 136-142.
A. Zomet and S. Peleg, “Multi-sensor super-resolution,” in Proc.
workshop on Applications of Computer Vision. 1EEE, 2002, pp. 27-31.
A. Torralba and W. Freeman, “Properties and applications of
shape recipes,” in CVPR, vol. 2. 1EEE, 2003.

Y. Furukawa and J. Ponce, “Accurate, dense, and robust multi-
view stereopsis,” TPAMI, vol. 32, no. 8, 2010.

S. Baker, D. Scharstein, J. Lewis, S. Roth, M. Black, and R. Szeliski,
“A database and evaluation methodology for optical flow,” IJCV,
vol. 92, no. 1, pp. 1-31, 2001.

T. Brox and ]. Malik, “Object segmentation by long term analysis
of point trajectories,” in ECCV. Springer, 2010, pp. 282-295.

L. R. Dice, “Measures of the amount of ecologic association
between species,” Ecology, vol. 26, no. 3, pp. 297-302, 1945.

A. Saxena, M. Sun, and A. Y. Ng., “Make3D: Learning 3d scene
structure from a single still image,” TPAMI, vol. 30, no. 5, pp.
824-840, 2009.

Moria Tau received a B.Sc. Cum Laude in Soft-
ware Engineering from the Jerusalem College of
Technology in 2009, and graduated her M.Sc.
studies Cum Laude in Computer Science from
the Open University. Her thesis dealt with the
problem of estimating dense correspondences
between images. She is employed in the indus-
try as a simulations and data analysis expert.

Tal Hassner received a B.A. in computer sci-
ence from the Academic College of Tel-Aviv
Yaffo, 1998, and M.Sc. and Ph.D. degrees in
applied mathematics and computer science from
the Weizmann Institute of Science in 2002 and
2006, resp. He later completed a postdoctoral
fellowship, also at the Weizmann Institute. In
2008 he joined the faculty of the Department of
Mathematics and Computer Science, The Open
University of Israel, where he currently holds a
Senior Lecturer position (Assistant Professor).

Since 2015, he is also a Senior Researcher at the University of Southern
California (USC) Viterbi School of Engineering, Information Sciences
Institute (ISI). His distinctions include the best Student Paper Award,
IEEE Shape Modeling International Conference 2005, the best scoring
method in the Faces in Real-Life Images workshop, ECCV 2008, and the
OpenCV State of the Art Vision Challenge award, Image Registration
category, CVPR 2015. His research interests are in applications of
Machine Learning in Pattern Recognition and Computer Vision.

0162-8828 (c) 2015 |EEE. Personal useis permitted, but republication/redistribution requires |EEE permission. See
http://www.ieee.org/publications_standards/publicationg/rights/index.html for more information.



