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Multiscale Oriented PatcheS descriptor
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Adapted from slide by Matthew Brown



Figure 1. Multi-scale Oriented Patches (MOPS) extracted at five pyramid levels from one of the Matier images. The
boxes show the feature orientation and the region from which the descriptor vector is sampled.
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image Laplacian

E S AHE, TIVAS NI ANE > 7
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characteristic scale

T. Lindeberg (1998). "Feature detection with automatic scale selection."

International Journal of Computer Vision 30 (2): pp 77--116.


https://people.kth.se/~tony/papers/cvap198.pdf

5 e

Picture credit: S. Lazebnik. Paper: David G. Lowe. "Distinctive image features from scale-invariant keypoints.” IJCV 60 (2), pp.
91-110, 2004.



http://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf

5 e

Picture credit: S. Lazebnik. Paper: David G. Lowe. "'Distinctive image features from scale-invariant keypoints.” IJCV 60 (2), pp.

91-110, 2004.


http://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf
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SIFT Descriptors

* In principle: build a histogram of the gradients

* In reality: quite complicated
 Gaussian weighting: smooth response
« Normalization: reduces illumination effects
 Clamping
 Tons of more stuff
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SCOTT McCLOUD

868 SIFT 4




43

b

R e

« HOG: Histogram of Gradients (HOG)
« WENE AT K

 FREAK: Fast Retina Keypoint
« FHTESLAM SEH$2 5L

 LIFT: Learned Invariant Feature Transform
o SRS AEE, B IPAHIE

https://arxiv.org/abs/1603.09114
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Evaluating the results

How can we measure the performance of a feature matcher?

o ‘ e 4 \ RS S
* N L2 A 2 E - N b/
Ll i YU A L 3 S -

L | ¥ g s Al — = 2 \

feature distance



True/false positives

How can we measure the performance of a feature matcher?

feature distance

The distance threshold affects performance
» True positives = # of detected matches that survive the threshold that are correct
 False positives = # of detected matches that survive the threshold that are incorrect



True/false positives

How can we measure the performance of a feature matcher?

feature distance

Suppose we want to maximize true positives. How do we set the threshold? (We keep all
matches with distance below the threshold.)



True/false positives

How can we measure the performance of a feature matcher?

feature distance

Suppose we want to minimize false positives. How do we set the threshold? (We keep all
matches with distance below the threshold.)



Example

 Suppose our matcher computes 1,000 matches between two images

« 800 are correct matches, 200 are incorrect (according to an oracle that gives us ground
truth matches)

A given threshold (e.g., ratio distance = 0.6) gives us 600 correct matches and 100
Incorrect matches that survive the threshold

* True positive rate = 600/ 800 = %
« False positive rate = 100 / 200 = Y%



Evaluating the results

How can we measure the performance of a feature matcher?

1
0.7 —9
. - true
# true positives surviving threshold positive
# total correct matches (positives) rate
recall
|
0 01 false positive rate 1

# false positives surviving threshold
# total incorrect matches (negatives)

1 - specificity



Evaluating the results

How can we measure the performance of a feature matcher?

1
07— p
e Single number: Area Under
# true positives surviving threshold o cii o the Curve (AUC)
# total correct matches (positives) rate E.g. AUC = 0.87
recall 1 is the best
|
0 01 false positive rate 1

# false positives surviving threshold
# total incorrect matches (negatives)

1 - specificity



ROC curves — summary

* By thresholding the match distances at different thresholds, we can generate
sets of matches with different true/false positive rates

* ROC curve Is generated by computing rates at a set of threshold values swept
through the full range of possible threshold

 Area under the ROC curve (AUC) summarizes the performance of a feature
pipeline (higher AUC is better)



More on feature detection/description

http://www.robots.ox.ac.uk/~vqgag/research/affine/
http://www.cs.ubc.ca/~lowe/keypoints/
http://www.vision.ee.ethz.ch/~surf/

Publications
Region o Harris-Affine & Hessian Affine: K. N ajezyk and €. Schmid, Scale and Affine mvariant mterest
detectors point detectors. In 1JC V 60(1):63-86, 2004. PDE
e MSER: ] Matas, O. Chum, M. Urban, and T. Pajdla. Robust wide baseline stereo from maximally
stable extremal regions. In BMVC p. 384-393, 2002, PDE
o [BR & EBR: T Tuvtelaars and L. Van Gool, Matching widely separated views based on affine
invariant regions . In LICV 59(1):61-85, 2004. PDF
o Salient regions: 1. Kadir, A. Zisserman, and M. Brady. An affine invariant salient region detector. In
ECCV p. 404-416, 2004, PDE
o All Detectors - Survey: T._Tuvtelaars and K. Mikolajezvk , Local Invariant Feature Detectors -
Survey. In CVG, 3(1):1-110, 2008. PDI
Re9i°!‘ o SIFT: D, Lowe, Distinctive image features from scale invariant keypoints. In JCV 60(2):91-110,
descriptors 2004. PDF
:sgzgrt‘::r':ce jezvk, T. Tuvtelaars, C. Schmid, A. Zisserman, J. Matas, . Schatfalitzky, T. Kadirand L.

,m ('“S‘| A comparison of affine region detectors. In IJCV 65(1/2):43-72, 2005. PDRE
likolajezvk. €. Schimid. A performance evaluation of local descriptors. In PAMI 27(10):1615-



http://www.robots.ox.ac.uk/~vgg/research/affine/
http://www.cs.ubc.ca/~lowe/keypoints/
http://www.vision.ee.ethz.ch/~surf/

Lots of applications

Features are used for:
 Image alignment (e.g., mosaics)
« 3D reconstruction

Motion tracking

Object recognition

Indexing and database retrieval

Robot navigation

... other



b

b

b

THe ComyrLETE

AR | ALL FOUR SERIES )L
WA S Sy

- W o

\\\“\‘

L\
\ - |\\

58 AL ULER (thresholded by ratio score)



b

b

JL

Ac

Outliers

HAK e G

STORYTELLNG T3 Of COMI GA. WIC NO!

5 7 NN
Ve AN
M;.é*f? o B e & . _\\\ :
&’b v ,’]\‘ ;_:«ﬁv
Q1 N 3
< T \ o
= P = 5
v,
U\
¥
f 4 &
- — >
78
& v

Lt/

51 4bDLHC(thresholded by ratio score)



YIAEIR A (David Lowe)




M X 2% HEt

Flickr photos "‘ “R

3D model

“Statue of Liberty”

m“ Jlﬁ
!-

fﬂ—f.v

“Half Dome, Yosemite”

& .
"'hm

“Colosseum, Rome”




nd

R0

My

i FISIFTHI4F1E [Lowe, 1JCV 2004]




—h

L&

Fir

il

U

i FISIFTAII4FAE [Lowe, 1ICV 2004]




L NES RIS

o AN E] R I DB I AT ADURE P BB Rk ok




A1

b

b

b

BT AR SR UL i




T s 450

B

=

v‘ Feature detection

-

b

‘ Feature matching

v

G

5 YRR RS TT
R E



gy

BRAELR 1 = 4 T

Reconstruction of Dubrovnik, Croatia, from ~40,000 images
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Next few slides adapted from Li, Fergus, & Torralba’s
excellent short course on category and object recognition



http://people.csail.mit.edu/torralba/shortCourseRLOC/index.html
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» Object categorization
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 Activity / Event Recognition
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what are these
people doing?
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Magritte, 1957
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Kilmeny Niland. 1995
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Svetlana Lazebnik



EFRATM

% ] L/ 73 R

Cat or not cat?

&ﬂ]/\ﬁﬁ —/\t%?ﬁmi

REIX K E

\




o1 RE R BRI

WA AT O I ZRE

bRy




T RE R

XA 4 R R ?

-

Rule: if this, L ERICAZ AR —FE?

then cat



412K

T

N E1G
FIGT N R 2%

Cat

Z3linil

x, €D (x, x7) > x;

/

D(xNi xT)

IR (3) 1
ot

MW/, .

(1) THRARFE ) =
VLHC) (2) $RE2IIIZREE B B AL

RFWESE A

Cat!

1R FPAE

NERF 7R

1 F AR B 7



ol

RILBHIE

Wk (X,Y,):
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bestDist, prediction = Inf, None
for 1 in range(N):
If dist(x;,x) < bestDist:
bestDist =

dist(x;,X)
prediction = y;
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2D Datapoints 2D Predictions
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What does this look like?
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How to Define Distance Between Images

L1 distance:

test image

di(I, ;) = Z [T — I

P

training image
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17

90

23

128

133

8

10

89

100

24

26

178

200

12

16

178

170

255

220

32

233

112

Where [, denotes image 1,
and p denotes each pixel

pixel-wise absolute value differences
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12

14

1

82

13

39

33

12

10

0

30

32

22

108

> 456

Slides from Andrej Karpathy and Fei-Fei Li http://vision.stanford.edu/teaching/cs231n/



Choice of distance metric

* Hyperparameter
L1 (Manhattan) distance

d,(I,, 1) 2”” 17|

N
N4

L2 (Euclidean) distance

dy(I1, 1) = \/z (If - Ié))g

dh
L/

- Two most commonly used special cases of p-norm

1z ||, = (lz1]” +

1

+ |zn|?)* p>l,zeR"

Slide composited from Andrej Karpathy and Fei-Fei Li http://vision.stanford.edu/teaching/cs231n/



K-Nearest Neighbors: Distance Metric

L1 (Manhattan) distance L2 (Euclidean) distance
d,(I, ;) = Z |7 — 17| do(Lh, ) = \/2 (7 - 2)?
P 4

Demo: http://vision.stanford.edu/teaching/cs231n-demos/knn/
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original shifted messed up darkened

(all 3 images have same L2 distance to the one on the left)
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Animation from https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote02_kNN.html



https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote02_kNN.html
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YIZR (x5y): argmin > [[w"x; = yilI
HEWT (X): wix >t

Rifkin, Yeo, Poggio. Regularized Least Squares Classification
(http://cbcl.mit.edu/publications/ps/risc.pdf). 2003
Redmon, Divvala, Girshick, Farhadi. You Only Look Once: Unified, Real-Time Object Detection. CVPR

2016.



http://cbcl.mit.edu/publications/ps/rlsc.pdf
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Cat weight vector | 0.2 |-05| 0.1 | 2.0 | 1.1

56

Dog weight vector | 1.5 | 1.3 [ 21 | 0.0 | 3.2

231

Hippo weight vector | 0.0 | 0.3 | 0.2 | -0.3 | -1.2

24

BCEFEFE AT LN e “PPorer %

Diagram by: Karpathy, Fei-Fei

-96.8 | Cat score

== | 437.9 | Dog score

61.95 | Hippo score
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Diagram credit: Karpathy & Fei-Fei
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berd cat deer
dog frog horse ship tryck

Diagram credit: Karpathy & Fei-Fei
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car classifier

airplane classifier/ &*

deer classifier

2DIRE S I EERZ, (HHLER 5 S = DRy, ERBT AR . R TNV B2, HeT =487
(A RN R v 4 2 B2 e A AR I . AN BRI LE MR R 2D S T “BEM” FFEAJ N Charu, Hinneburg, Keim. ICDT 2001

Diagram credit: Karpathy & Fei-Fei. 12-point font mini-rant: me
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Loss: dog score —cat score  (Wax) | 968 | Catscore
B4 ﬁ)‘(“dog” vs “cat”H V¥ 77? (WX)Z 437.9 | Dog score

(Wx), — (Wx) (Wx)4 | 6195 | Hipposcore
2 1

&t A 2 1 e 5 Wx
max(0, (Wx)z — (Wx)1) re e

Diagram by: Karpathy, Fei-Fei



Softmax
RPN MR AR 7

Catscore | -0.9 e®9 || 041 0.11 | P(cat)
Dogscore | 0.4 [ exp(x) | €°% 1.49 {1 Norm = | 0.40 |P(dog)
Hippo score | 0.6 e06 1.82 0.49 | P(hippo)
y=3.72
| exp((Wx) ;
P(class )): p(( ])

Zk exp((Wx)y)



Softmax
FEWTH (%) arg max (Wx)y (FREFFA T I —2)

exp((Wx);)

s 2 exp((Wx)g)

A ATRATTAE DT 7] PA4E B exp/sum exp ?



Softmax

HEWTES (X): argmax (W) (RBP4 5 T8 —5)
YIZRIT (X;,Y5): ) P(correct class)

exp((Wx),,.) )/

. 2 _
arg mul,r‘lﬂW“z + Z log <Zk exp((Wx)y))

Regularization/ : 1 ’

] 751
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Softmax {4 &

—— Negative Log Likelihood
g . P(correct) = 0.05:

3.0 penalty

P(correct) =0.5:
€ 0.11 penalty

. 2.0 P(correct) = 1.
00 02 04 o6 o8 10 NOpenalty!

P(correct)
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Diagram Credit: Wikipedia
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f(z;,W)=Wz,; (score function)

Ty, .
e Yi NI /_< - \\ Z~
L; =—log < _ > L= +log ¥ ¢ FATHR L, Ny 22 X

~ " Jficross-entropy loss

T l.e. we're minimizing
the negative log
likelihood.
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w0 = initialize() #initialize
for iter in range(numlters):

g =V, L(w) #eval gradient

w =W + -stepsize(iter)*g #update w
return w
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falls short converges diverges
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init_Ir = 10-1
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Learning Rate

5000 10000 1SOQ 0000000000000000
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Slide credit: A. Efros

B DE S -

R

b

&

H 15

g(x) =T(f(x))

NS —

— T

: BB

d

NN/

&

4R M3, (domam)

g(x) = f(T(x))

T—»

N\ —

J

N/

X



BT #

Slide credit: A. Efros

AURIED: LR

LEETi=Rz

g(x y) = T(f(x y))

_,T_>

: BB

glx,y) =

&K %)Uﬁ
f (T(x y))




S¥4 (&) #ll (Warping)
SEALHL IR

A

Affine {i 5  Perspective iZ 41 Cylindrical

Slide credit: A. Efros

R



1)

---v
4

S8 (&) ;

T B Hh IR N — AR R AL
/_
=T(p)

hMa%m%QMW@EHA,T%%ﬁﬁ%,Eﬁﬁ
EARD, X R BIEEANME 2 B A [R] A AE 45

p=mb

Slide credit: A. Efros



---v

8 (£2R/) F
FATE ) H Ieyd S48 #
]
p =Tp

T30 F%; p, p’: 2D &

Slide credit: A. Efros



T4

4 O E R R BAES (xy) el — 1 EE

Slide credit: A. Efros



T4

4 O E R R BAES (xy) el —1EE

Slide credit: A. Efros



T4

Slide credit: A. Efros

JRAEALHRIR T 2 B2

x' = ax

y' = by
TR 2

1= 1 sl

/Z?%’FE/)’% S
SHIWEAERER?




2D Ji?

Slide credit: A. Efros

>

e FE R

3

[x’] cos(6)

sin(6)

RoH I8 B 72 7

—sin(@)
cos(8)

I =R,R,

|

y

|



LAth T O 2x2 FERR BRI AR 8

Slide credit: A. Efros

’] N shy,

|dentity 24/ 22 #k

b= 1o Sl

Shear g}

1

sh,

I

1

y

|



LAth T O 2x2 FERR BRI AR 8

Before 2D Y# B4
H1=10 210
2D k%%
Before
At [ﬂ B [_01 —01] m

Slide credit: A. Efros



T N 2x2 FEFERT

S 15 albl=rl]
T A2 )5
o JHEAA0=T0
o Kb Ek
© PATERAIRTAT




T 0N 2x2 FEREAS R AR B4

||

-1 B A
X' =X+1,y =Y+

EFHRMTHER?

135




TR DR

200y, W)
o /l
Trick: ij]ﬂ—‘éﬁﬁéj‘}]? lll homogeneous plane
_ 2 - ,,I
U
(z,y) = ’l{ o //(X/W’ ylw, 1)
li > X

R G A AT /
y

TR AL IR 2 B R AL bR e it

y | = (z/w,y/w)
w




BT IR

||

-1 B A
X' =X+1,y =yt

Slide credit: A. Efros



Affine transformations: 155725 #

GRERSE

10 2 (LT 1 3x3 MM A e
0O 1 ¢ HEE 41T N[001]8ATFRZ
Y AT AR e

O 0 1

(x| [1 0 t]x] x] [s, O
y|=10 1 t]y =10 s,

_1_ _0 0 l__l_ _1_ _0 O

T Wi
x'] [cos@® —sing O] x| 'x] [ 1 sh
y'|=|sin@ cosd Ofy y'|= shy 1

111 | O 0 1]1] 1] [0 o0
2Djie % il




(NERBES

o IS AR AT LNy 2 PL N AR &

- B »
TR v
_W_
o )7 S AZ 5 BT

o JHRAH R A BB

o« PATEAIRTAT

o KX ELf) 2= IR B

o DISAR ) Gk A AR R

O ®© T

O Qo
— =0



X AR 5 AR g ?




Where do we go from here?
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