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What Is image matching?

A The task is to find the correspondences between pixels in two images and/or find a geometrical relations
between camera poses

Al't s speci al vervddebaselinestered* so known as <
A large change in viewpoint, illumination, time & occlusions, modality




Where Is Image matching useful? 3D rec & SLAM

ORB-SLAM2 for Monocular, Stereo and RGB-D Cameras

Code: hitps://github.com/raulmu _SLAM? .
Paper: Ratl Mur-Artal, and Juan D, Tardés. ORB-SLAM?2: an Open-Source SLAM System for Monocular, Sterco
and RGB-D Cameras. ArXiv preprint arXiv:1610.06475, 2016

> ) 126/232 £ Youlube£3

- SChonberger ancil Frahm’ R. MurArtal .and J. Drardos DanielDeTone TomasMalisiewicz AndrewRabinovich
Structure-from-Motion Revisited 2016 ORBSLAM2: an Opei$ource SLAM System for MagicLeapSLAM
COLMAP Monocular, Stereo and RGB CamerasarXiv2016

2019.07.06, Odesa, EECVC



Where Is Image matching useful? Image retrieval

Google Landmark Retrieval challenge 2019 winner

[Retrieval] Large-scale Landmark Retrieval/Recognition
under a Noisy and Diverse Dataset (arXiv:1906.04087)

Team smlyaka: Kohei Ozaki (Recruit Technologies), Shuhei Yokoo (University of Tsukuba)

o EEm

Best single model (512d) Ensemble 6 models (3072d) Discriminative-Reranking [4.1]
Pub/Priv=29.42/31.80 Pub/Priv=30.95/33.01 Pub/Priv=35.69/37.23

DBA

DBA+QE with DELF
Pub/Priv=31.41/32.81

2019.07.06, Odesa, EECVC
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What is NOT topic of my talk

ASemantic correspondences (the object/scene is not the same)

Images fromAbermanS G | £ ® &BudasNSBparse.C®SsZIYIF Ay [/ 2NNBaLRYRSYyO0Sés {1

2019.07.06, Odesa, EECVC 5



What is NOT topic of my talk

AOptimization methods for stereo

A see talks from previous EECVCSs:
AlexanderShekhovtso2017) and

2019.07.06, Odesa, EECVC

Tolga Birdal (2018)

(EECVC

3D reconstruction of curvilinear



Detector |-> Measurement Lt pageriptor |->
region selector

Geometrical

Matching [* verification
(RANSAC)

Detector Megsurement :
™1 region selector[™ Descriptor g
Single feature visualization
‘ i a. e-s | pvarlant i crop & normalize I descrfpi";r t descriptors w;:;'r‘:;o"
} NS SN J
&%, F S0 \ - o 20 40 €0 80 100 120 | d’ - dz ;
) l Sl l T H ‘ I A

Detector Descriptor

2019.07.06, Odesa, EECVC Image credit: Andre&edaldj ICCVW 2017



Toy example for illustration: matching with OpenCV SIFT

M  #Load images
imgl = cv2.imread('img/v_dogman/1.ppm")
img2 = cv2.imread('img/v_dogman/6.ppm")

#Detect & describe with SIFT

det = cv2.xfeatures2d.SIFT create(3000)

kpsl, descsl = det.detectAndCompute(imgl,None)
kps2, descs2 = det.detectAndCompute(img2,None)

# Match with chosen strategy
tentative matches = match(descsl, descs2)

# Find geometric model and inliers
src_pts = np.float32([ kpsl[m[@]].pt for m in tentative matches ]).reshape(-1,2)

dst _pts = np.float32([ kps2[m[1]].pt for m in tentative matches ]).reshape(-1,2)
H, mask = cv2.findHomography(src pts, dst pts, cv2.RANSAC, 1.0)
# Draw

H gt = np.loadtxt('img/v_dogman/H 1 6')
draw_matches(kpsl, kps2, tentative matches, mask, H, H gt, imgl, img2)

2019.07.06, Odesa, EECVC Try yourself: https://github.com/duchaiki/matchingstrategiescomparison



https://github.com/ducha-aiki/matching-strategies-comparison

Toy example for illustration: matching with OpenCV SIFT

Recovered % to 2"dimage projection
ground truth Bt'to 2"dimage project,

2019.07.06, Odesa, EECVC



Detector |->

Measurement

region selector|

Descriptor |->

Detector I.,

Measurement
region selector

Descriptor |->

Matching

>

Geometrical
verification
(RANSAC)

Geometric verification (RANSAC)

2019.07.06, Odesa, EECVC

10



Homography planar surface/static camera
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Image creditforums.fast.ali
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Avy
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Avy

Hyip Hiz
Hy Hoy
H3p Ha

Planar surface or static camefa usehomography
Image with dominant plan® usehomography
Not sure what to use® try homographyfirst.
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https://forums.fast.ai/t/how-to-transform-4-points-parameter-matrix-to-homography-matrix/5770

Fundamental matrix: general tweview case

X AGeneral two view geometry in

X ‘ static scene. A corresponding
. point lies somewheren a

line in the other image.

T Where on the line- depends

Lo ., /" on the (unknown) depth

. .
. e, 't
b

LI
Lo

.
.,

s, e
.....
......

Left view Right view  AStill rigid (no motion in scene
assumed)

Image credithttps://en.wikipedia.org/wiki/Epipolar_geometry



https://en.wikipedia.org/wiki/Epipolar_geometry

RANSAC: fitting the data with gross outliers

1500 + « data

y . % RANSAC data Oper_1CV functions:
B ) cv2.findHomography()
-k cv2.findFundamentalMatrix()

1000

We will publish soon a python package, which is 2..5 times
faster and have an additional tricks inside

500
https://github.com/duchaaiki/pyransaqsave this link,

the repo is private now, will cleamp and open next week)

Image credithttps://scipy-cookbook.readthedocs.io/items/RANSAC.html

2019.07.06, Odesa, EECVC 13


https://scipy-cookbook.readthedocs.io/items/RANSAC.html
https://github.com/ducha-aiki/pyransac

Pitfails and solutions:homography

AWrong geometry case because of dirty correspondences

2019.07.06, Odesa, EECVC

OpenCV finds 31 wrong inliers in 0.018s.

See the same pattern in imglcarrsin line + group.

RANSAC H is prone to such case

CMP RANSAC finds 6 wrong inliers in 0.004s.

14



Pitfails and solutions:homography

ASolution: 2way error metric ©° 0

Check #inliers consistent in opposite direction

M bool TransferCheck(const cv::Mat data_,
const Model& H,
const int th) const

cv::Mat hlinv(3,3,CV_64F);
cv::invert(H,hlinv,cv: :DECOMP_LU);
int number_good = ©;
const size t N = data_.rows;
for (int pt_idx = @; pt_idx < N; pt_idx++) {
cv::Mat pt = data_.row(pt_idx);
double residual = error(pt.row(@), hlinv);

}.

3
return number_good >= th;

CMP RANSAC + transfer check:
finds 48 correct inliers in 0.005s.

D. Mishkin, J. Matas and M. PerdodODS: Fast and Robust Method for Twwew Matching CVIU 2015,

2019.07.06, Odesa, EECVC Python CMP RANSAC package will be available soon

number_good+= (residual<=15.0); //Hardcoded, but very loose threshold in 15 px;

15



Pitfails and solutions: fundamental matrix

AF is too permissive (point to line)

Left view Right view

2019.07.06, Odesa, EECVC
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Pitfails and solutions: fundamental matrix

A LAF-check: remember that local feature is oriented circle or ellipse, not just a point.
A Check if additional points on circle are consistent with geometry

o).
AQK
%

§ P
7 771 ‘,‘i
c i

i
3.

/]

,.
1
#
.ﬁ :
=
sy
| ]

Figure 3: The LAF-check. While centers of both regions A and B are consistent with found
homography, farthest (1) and closest (2) points of the ellipse pass the check only for region A.

Figure 4: Correspondences obtained without (left) and with
(right) the LAF check. Incorrect correspondences are in red.

D. Mishkin, J. Matas and M. PerdodODS: Fast and Robust Method for Twfiew Matching CVIU 2015,
2019.07.06, Odesa, EECVC 17



Detector |->

Measurement

region selector|

Descriptor |->

Detector I.,

Measurement
region selector

Descriptor |->

Matching strategies

2019.07.06, Odesa, EECVC

Matching

>

Geometrical
verification
(RANSAC)

18



Nearest neighbor (1NN) strategy

Features from imgiq)  are matched to features from i

- . 2dz Oy &aSSzZ GKIFIG AG A#2lWBEYYSGN
matches

-
¢ =

2019.07.06, Odesa, EECVC 20



Nearest neighbor (NN) strategy

Features from imgiq)  are matched to features from i

- o

100 4

200 1

-
¢ =

0 200 4(‘)0 660 800 1000 1200

1400

OpenCV RANSAC failed to find a good model with NN matching

Found % image projectionblue, ground truth:green,
Inlier correspondences:

2019.07.06, Odesa, EECVC
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Mutual nearest neighbor (MNN) strategy

Features from imgl@)  are matched to features from iR
Onlycrossconsistent (mutual NNshatches are retained.

2019.07.06, Odesa, EECVC

22



Mutual nearest neighbor (MNN) strategy

Features from imgl@)  are matched to features from i
Onlycrossconsistent (mutual NNsnatches are retained.

OpenCV RANSAC failed to find a good model with MNN matching
No oneto-many connections, but still bad

Found ®image projectionblue, ground truth:green,

inlier correspondences.

2019.07.06, Odesa, EECVC 23



Second nearest neighbor ratio (SNN) strategy

1S'INN/2"INN< 0.8 keep

Features from img]. are matched to features from ir'
- we look for 2 nearest neighbors
- If both are too similar GINN/2"9NN ratio > 0.8
discard
- If 1tNN is much closer #NN/2"db b NJ 0 B2 X n Py 0

0.8
0.7 F
0.6 | +— PDF for correct matches —+—
PDF for incorrect matches -—-#----
0.5 | - ~ - :
(V8
0 04¢F
o
0.3
1StINN 0.2
0.1+ et
1StN N/anNN > 0_8’d rop 0 . ..__L..-x-.--:x;‘,:.’.':ZL'I,'"‘"'.I,_"*“V:L‘ A X e N3
0O 01 02 03 04 05 06 07 08 09 1
Ratio of distances (closest/next closest)
2019.07.06, Odesa, EECVC o

D. Lowe, Distinctive Image Features from StaariantKeypoints IJCV 2004



Second nearest neighbor ratio (SNN) strategy

NN/SNN< 0.8,keep

NN

SNN
NN

SNN

SNN

OpenCV RANSAC found a madabhly correct
l No oneto-many connections, but still bad
Found % image projectionblue, ground truth:green,

NN/SNN> 0.8,drop inlier correspondences.

NN

2019.07.06, Odesa, EECVC 25



1st geometrically inconsistent nearest neighbor ratio (FGINN) strategy

SNN ratio is cool, but what abosymmetrical or
too closely detectedeatures? Ratio test will kill
them.

Solution: look foP"“ nearest neighbor, which is far
enough from # nearest.

2019.07.06, Odesa, EECVC aAaK{ Ay SO |IfodX dah5{Y €EA85F bBYROWRGEAE ASLHK2ZRNWMANI ¢52
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1st geometrically inconsistent nearest neighbor ratio (FGINN) strategy

SNN ratio is cool, but what abosgmmetrica) or
too closely detectedeatures? Ratio test will kill
them.

Solution: look foP" nearest neighbor, which is far
enough from % nearest.

2019.07.06, Odesa, EECVCaAaKl Ay St It ox dah5{Y €h85 by ROWRFy&#AE ASUK2RAFAENI ¢ g2 27



SNN vs FGINN

100 A1

SNN: roughly correct

0 200 400 600 800 1000 1200 1400

100 -

FGINN: more

correspondences, |
better geometry found 00 ‘

0 200 400 600 800 1000 1200 1400

2019.07.06, Odesa, EECVCaAxa Kl Ay Si +Ffodx dah5{Y -€Eh85 bBYROWRyaAEN ASBSLK2RAMAENI ¢ 52 28



Symmetrical FGINN

Recall, that FGINN is still asymmetric:
Matching (Imglb L Y3 H O B Ingl) Y3 H

We can do both
(Imglb Img2) and (Img® Imgl)

and keep all FGINNs (union/

or only crossconsistent FGINNS >

2019.07.06, Odesa, EECVC 29



Learned filtering strategy (CVPR 2018)

Input: matches (x1, y1, x2, y2) [N x 4 ]
Output: scores [N x 1]

N o RESNET BLOCK 1 )
= RS S 3 3 v NERR '
g 1 H - HEI 1] X
O B o + o + nd e
z z s z s = - par
o o T o : @
Z ey '7“ E . E o ~llEl= | - -

< < = Z = < : : w
& z T z - = Z | =
@ 0 O 0 O «\ 5
= o = o = E w
+ = = & —-»|
(5}

\_ — S

2019.07.06, Odesa, EECVC Yietal. Learning to Find Good Correspondendgs://arxiv.org/abs/1711.05971
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https://arxiv.org/abs/1711.05971

Evaluation on IMW2019 data

CVPR 2019 Competition i‘ Ij)age:"}amw:L::;Zj::jge-xmatc:ng-workshop.github.io w _0
https://image-matchingworkshop.qgithub.io/ T —
i S — | 7
) B —o ] | ||| e
1 b a;tnﬂ_ ‘ 1 il l{"_‘ i
Evaluation F’E‘ 7;.'?.'!»11-!;!-‘ g ak ] f

Stereo: featurese matchinge Participants
e OpenCV RANSAC:s pose estimation

organizers

Image Matching: Local Features & Beyond
CVPR 2019 Workshop

Metric: # of precise enough recovered camera poseaAR@ 15)
2019.07.06, Odesa, EECVC


https://image-matching-workshop.github.io/

Evaluation on IMW2019 data

IMW 2019 stereo mAP 15°, all segs

0,600

0,400 ‘

0,200

0,000 ‘ ‘
DoG-SIFT (OpenCV) DoG-HardNet DoG-ContextDesc

2019.07.06, Odesa, EECVC

SuperPoint

= NN
= mutual NN
SNN ratio 0.8
» FGINN ratio 0.8
= FGINN ratio N 0.8
= FGINN ratio u 0.8
» Learned (Yi et.al, CVPR2018)

A NN¢ are you kidding? Never use it alone
A SNNis simple and good

A FGINNs always a bit better

A Symmetrical FGINcks

A Learninds not that powerful (yet?)

32



Detector |-> Measurement |1 pageriptor |->
region selector|

Geometrical

Matching [»| Vverification
(RANSAC)

Detector I_> Megsurement : |_’
region selector| ] Descriptor

Descriptor:HardNet (NIPS, 2017)

MishchukS G @ f @ 2 2NJ Ay3 KINR (2 (1y2¢ &2dz2NJ ySAIKoO2NRA YI

2019.07.06, Odesa, EECVC 33
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Classical way to select good correspondences

AQ1: How to find correct correspondences?
AQ2: How to filter out features, which do not have a correspondence?

AA1: Nearest neighbor by descriptor distance
AA2: Threshold the secondo-first nearest ratio (SNN)

HardNet lets use It for training CNNSs!



36

Architecture: deep,VGGNetstyle

AAdopted from previoussota L2Net descriptor Tian et al (CVPR 2017).
AVanilla CNN: Convolution + BatchNorm+ RelLU

3x3 Conv 3x3 Conv 3x3 Conv 3x3 Conv

pad 1 pad 1 pad1/2 S pad 1
BN + RelU BN + RelU BN + RelU BN + RelU

32x32
1
3x3 Conv 3x3 Conv
pad 1/2 pad 1 8x8 Conv E
> > >
64 BN + ReLU 128 BN + ReLU 722 BN+ L2Norm

128

2019.07.06, Odesa, EECVC
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a; p1

a P2

A4

v
/s
4
-

Ps3

Ay Pa

Sampling:  positives: random
negatives: haren-batch

Batch of input patches il Descriptors
: i a; Di

Distance matrix
D = pdist(a,p)

d(ay,p1) d(aq,p2) d(ay,p3) d(aq,ps)

> p4min

d(as,p1) d(a ,p2) d(as,p3) d(asz, ps)

d(as, p1)

Final triplet
(one of n in batch)

d(a,, p4mm) > d(azmn p1) = select a,
azmm

B OE B

I —

77

%
(] B i
§ R E/ -

5

S|

1=1,n

2019.07.06, Odesa, EECVC

(03 1+ d(aiapi) — min (d(aiapjmm)a d(akmmapi)))



HardNetvs SIFT descriptor
=

100 A

SIFT: 71 inliers ) . -

0 200 400 600 800 1000 1200 1400

HardNet 121 inliers

0 200 400 600 800 1000 1200 1400

2019.07.06, Odesa, EECVC ara K1 Ay Si It ®X dah5{Y €K& byROWKRY@EAE ASLUK2RAMANI ¢ g2 38
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Results:HPatches

rSIFT T 127.22%
PCW x < 133.66%
HardTFeat | x 4 . x o 138.07%
L2Net L _ 140.82%
L2Net+ < * |4 < < 145.04%
HardNetNIPS x <4 x | < R | 148.24%
HardNet+NIPS 4« < +50.38%
HardNet E < x4 152.18%
HardNet+ 4, x 4 152.76%

0 20 40 60 80 100

Image Matching mAP [%]

rSIFT ' ° 142.49%
TFeat-M* . 152.03%
HardTFeat ° » L] 155.12%
[2Net e e L] 159.64%
L2Net+ ) e o 163.37%
HardNetNIPS ° e o 165.26%
HardNet+NIPS E ° 166.82%
HardNet o o 169.44%
HardNet+ e o 169.66%

0 50 100

2019.07.06, Odesa, EECVC Patch Retrieval mAP [%]

B EASY @ HARD B TOUGH

<« VIEWPT x [LLUM

M®dp X
than rootSIFT

H
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HardNet training scales well with the bigger datasets

LIbEI’ty [ 4+ k& 88.430/0 leeny L x o v | - x o i 52760/0 leerty [ L L L 7 69-660/0

FullBrown6 ##189.29% L iBrowns - 54649 FullBrown6
PhotoSync PhotoSync <« < { PhotoSync
0 50 0 20 40 60 80 100 0 .
Patch Verification mAP [%)] Image Matching mAP [%)] Patch Retrieval mAP [%]

EASY ® HARD ® TOUGH

+ DIFFSEQ, ¢ SAMESEQ X ILLUM, A VIEW

SIFT & Tl 65.0 SIFT R4 254 SIFT — @@ 41.8

RSIFT + &F & 58.7 RSIFT &1 27.2 RSIFT e —W 42.4

DeepDesc T #le 79.2 DeepDesc A XA 28.1 DeepDesc @ @ 52.5

L2-Net =16 (855 L2-Net XA XA 44.5 L2-Net [ ) ® 64.2

HardNet =8¢ |88.4 HardNet MSORTN A 52.8 HardNet [ — 69.8
GeoDesc ‘p eoDesc X XAl A @eoDesc [ W

0 20 40 60 80 10D 0 20 40 60 80 100 0 20 40 60 80 100
Patch Verification mAP [%] Image Matching mAP [%] Patch Retrieval mAP [%]

GeoDest Luo et.al, ECCV 2018

2019.07.06, Odesa, EECVC  same architecture, special loss and sampling utilizing 3d reconstruction data.



Detector |-> Measurement |1 pageriptor I-»
region selector|

Geometrical

Matching [»| Vverification
(RANSAC)

Detector I_> Megsurement : |_’
region selector| ] Descriptor

Descriptor: creating the dataset (CVWW, 2019)

Leveraging Outdoor Webcams for Local Descriptor Learning
Mi | an Pultar, Dmytro Mishkin, Ji 1 a Ma

2019.07.06, Odesa, EECVC a1



Existing datasets for local descriptor learning

Brown dataset
HPatches
PhotoSynth
GL3D

42


http://matthewalunbrown.com/patchdata/patchdata.html
https://github.com/hpatches/hpatches-dataset
https://github.com/rmitra/PS-Dataset
https://github.com/lzx551402/GL3D

Archive of Many Outdoor Scenes (AMOS)

1 128millions of iImages

Almost30K webcams e B
Continuously growing . Images
Cameras placed across all world Camera — 2011
~10 TB of data 1001 :
— Images
Each camera in one directory ~ 2013
Split further into folders by year Images
Image timestamp in GMT Camera — 2010
GPS info not always available 1002 :

° Images
. 2011



AMOS views

FAA advisory weather product

Good cameras

Bad cameras

44



Pipeline of AMOS Patches

19913 474 213 151 27

L
cameras [ ==
L

50

||=. ||=. l—l! 30000 g.::
- =7<|I=l d bmd Ladt—
L. L. L.

® Camera :Appearance Viewpoint : Precise : Manual : AMOS
o Stlection _  clustering reclustering  registration J  selection patches

45



19913 474 273 151 27 50

@ a8 B .=
_ cameras [ b g7 I [ — [ — |
Camera selection . » & =

®| Camera |® Appearance  Viewpoint ® Precise ® Manual ° AMOS

[ ] . [ ] . . [ ] a 3 () .
selection | o  clustering reclustering g registration o  selection : patches

Choose randomly 20 images from each camera

Test each image using the criteria Sky segmentation in the

wild: An empirical study.

* fi :skyarea <50% "OLEmPY R P, Mihail et al, 2012

e fo :no detected cars or boats not dynamic  (https://github.com/kuangliu/torchcy
o f3 :Var(V?image) > 180 sharp

e f, :mean pixel intensity > 30 not black

e f5:image size > (700, 700) large

Keep the camera, if 14/20 images pass -> 474 cameras

46



19913 474 273 151 27 50

l! L- ———— '- |l=-. IL. lL!. 30000 :T:E
o ey g [
Appearance clusterinc = = 5> 5 85
- ° amera ®|Appearance | Viewpoint ® Precise ® Manual ® AM

[ ] . [ ] . . [ ] a 3 () .
o Setlection JI clustering reclustering g registration o  selection : patches

Solves data redundancy
Imagenet classification with

deep convolutional neural
networks.
A. Krizhevsky et al, 2012

Use fc6 layer of ImageNeretrainedAlexNet
RunK-meansin the AlexNet output space
Choose K=120 most representative images

(by looking at the corresponding outputs)

-> 474 cameras, each 120 images



19913 474 273 151 27 50

l! L._ ———— '- l! ||=- ﬂ= 30000=T==>
: : . camonss (M =TT " nd Lad Lt
Viewpoint reclustering = = s 5 =

N

: Camera :Appearance Viewpoint : Precise : Manual : AMOS
o Setlection o clustering reclustering | ¢ registration J  selection J patches

Solves switching of cameras between views
UsesMODS(image matching) in greedy algorithm
Pick a reference image
Find matching pairs
Create a new view, exclude images from original sequence
If original sequence not empty:
Repeat
Keep the biggest view from each camera, 50 images each (if available

-> 273 views



19913 474 273 151 27 50

@ R B P
. . A =l T ey ) |
Registration s & " 5 &
Results still not satisfactory
Why?
" MODS often outputs homography matnmly for small parbf
Image

Need for final manual check

-> Use GDIBCP
In each view
Run registration on pairs of images [
If a single fal> remove the whole view

-> 151 registered views

49



19913 474 273 151 27 50

8 p.E—s 8 8=
] cameras [ b gl - =74|_|! end md Lamdb-—-
I\/I L, L L) L L)
an u aI p ru n I n g ° Czlamera ° A;)Ipeara}nce Vilewpoint S Precise : Mlanqal : AM(zS
o selection o clustering  reclustering  registration o | selection | g patches

Several problems not detected so far
" Dynamic scenes
Clouddominated scenes
Views with very similar content _

-> 27 registered views, 50 images each_




Patch selection

Apply masks (crop out text etc.)
Sampling of centers (response function)
Random rotation (any angle)
Random scale
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Experiments: (de)registration

Displace each patch randomly
observe the influence on precisit

54.8 1
54.6 1

Result: @ a4
Precise registration isnportant E 5421

54.0 -
53.8 1

MAP- mean average precision

53.6

o 1 2 3 4 5 6
Shift (pixels)

HPatches matching task, full
split



Experiments: Batch composition

We usehard-in-batch triplet margin loss

Composition of a batch influences precisic se.-

|dea: choose a subset of views
as source for patches

Intuition: Tough pairs often come
from the same image

-> |mprovement

56.4 1

56.0 1
Q. 55.8 1
<
= 55.6 -
55.4 1

55.2 1

# views

HPatches matching task, full
split

27




Evaluation

New stateof-the-art in matching under

Illumination changes

(to the best of our knowledge)

Outperforms recently proposed
HardNetPS in full split

We proposeAMOS Patches test split
for evaluation of robustness to
lighting and seascrelated conditions



