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* Generalization of the wide baseline two-view matching problem - WxBS Input: I, I,- two images, 1. Affine view synthesis
x stands for different subsets of “wide baselines" in acquisition conditions. 0;,,- minimum required number of matches,
* Novel dataset of ground-truthed image pairs which include multiple "wide baselines” Smax- Maximum number of iterations
i : . Output: Fundamental or homography matrix F or H;
 We show that state-of-the art matchers fail on almost all image pairs. . .
] ) 2 a list of corresponding local features
WxBS-M - a noyel matching algorithm for the WxBS problem is introduced. while (N, .,.... < @, )and (Iter < S,...) do /
We show experimentally that the WxBS-M matcher dominates the state-of-the-art for I,and I,separately do
methods both on the new and existing datasets 1 Generate synthetic views according to the | 2. Adaptive thresholding:
scale-tilt-rotation-detector setup for Iter if #HesAffs < Oyesarf, lower the detection threshold
2 Detect local features using adaptive 3. HalfRootSIFT:H STFT
' SIFT bin a in
WGBS - Wlde Geometry Baseline Stereo thresholding =~ R “
3 Extract rotation invariant descriptors with:
3 ey no photometric with photo normalization 3a RootSIFT and 3b HalfRootSIFT I /
04 normalization 0.47 (mean 0.5, var 0.2) 4 Reproject local features to I, I, - TH
_ , 0.35( end for ~
= 5 Generate tentative correspondences based on
R - - A 15t geom. Inconsistent rule for RootSIFT and 5. 15t geom. Inconsistent rule:
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6. Filter duplicates: dlscard redetectlons (red patches)
WGBS * SIFT family dominates

(at least when not trained to handle large transformations)
* Other descriptor not competitive
*Images from Extreme View (EVD) and Oxford-Affine(OxAff) Datasets

* Photo-L2 normalized pixel intensities is a strong descriptor
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WLBS * SIFT family dominates *WGSBS contains image pairs of thermal camera vs visible
 ConvNet [SiamNet15] worse than SIFT
sumimary (at least when not trained to handle illumination transformations)
* Other descriptor not competitive
Alg. EF EVD MMS |WGABS |WGALBS |WGLBS WGSBS |WLABS| Past OxAff | SymB | GDB
*Images from SymBench, GDBootstrap, EgdeFoci (EF) datasets # time| # time| # time|# time|#  time|# time|# time|# time| # time|# time| # time| # time
33 [s] [15 [s] |100 [s] |5  [s] |8 s] 19 [s] [S [s] |4 [s] [172 |[s] |40 [s] |46 [s] |22 |[s]
Threshold adaptation
MSER 16 1.4 1.4 1 0.3]0 2.010 1.310 1.3]0  0.8]1 2.4
AJMSER |25 34.;] 40/ 6 100 40/0  32/0 330 14|l 6.9
- . DoG 29 23| 0 28| 10 0.8(0 2.710 2.310 2.110 1.0]1 4.7
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;BSA'I:ST;”WS'FT HesAf 46| 1 52| 15 1.2]10 5.510 3.810 4210 2.0[1 9.1
= ol o AdHesAf . 5712 761385 290 72[1  65]0  60J0  32]1 13]
_gﬂﬁq?;? E E Other detectors
SSIM * oal "o WaSH 0 18] 0 54] 0 0.6[0 28[0  25[0 1.4[0 1.8]0 6.9
:g’;gZE ‘_ : B ORB 3 4110 36| 1 08]|0 2.810 2.710 3.6{0 1.6]0 6.1
——FREAK 0.05Y* 005 SURF 27 231 0 24 7 1.0|0 2.5|0 1.910 2110  09]1 4.0
___g:;ﬁlilet ._ - | i AKAZE 28 43| 0 3.6f 10 0.8(1 4710 340 4.0|0 1.3]1 6.4
% YO (oS TR FOCI 29 12| 0 39| 14 111  32|0 29(0 290  20]1 45
1 - Prcision 1~ Preckion SFOP 25 11| 0 16| 12 47|0 120 10{0  10{0 9.2|0 17
WABS * SIFT family dominates WADE 16 14| 0 20| 0 340 580 1o 14/0  7.9]1 77
 ConuNet [SamNet1] performs poorly i EIHE - :
sumimar ' ic di i -St : : : . : :
y . glzt trgmed.for photometrlc_d.lstortlons) TILDE-Cha 16 0 30| 5 11(0 2110 2110 2010 161 31
ther descriptor not competitive TILDE-Cou - 18] 0 30 13(0  23{0 22|00 240 17|1 3
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*  Only gradient folding in HalfSIFT works (poorly) outperforms novel CNN [SiamNet2015] approaches. - S 1
Sumiary = '« Note the Recall range [0, 0.14] indicating high difficulty « (adaptive) Hessian-Affine is the best detector with broad applicability & =
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