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Feature Extraction 3 sall Claw (aDlAGL)

* Feature points are used for:
* Motion tracking 4S_jall cuaas
* Feature matching Slewl) dalag
3D reconstruction ax¥! 450 ) sall oL
Object recognition Ll e s yaill
Indexing and database retrieval <Ulall du jed g Gllall ala jiul
Robot navigation < sy Jluas aSadll
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Edges <l sl e
Corners W s 3l s Lines 4a shaall o
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Why Edge detection
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What causes an edge?

Depth discontinuity:
object boundary

- “ ‘)#

Reflectance change:
appearance
Information, texture
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Cast shadows

Change in surface
orientation: shape

Slide credit:

https://manara.edusy/ Kristerr Graurar



Edges/gradients and invariance
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Slide credit:

https://manara.edusy/ Kristerr Graurar



Edge detection Principle (GEiiY)) bl sall CaiS lase

e An edge is a place of rapid change in the image intensity funct

48US allintensity function ;
Image (along horizontal scanline)  Js! Gii«first derivative

\

edges correspond to extrema of derivative

el 4paa) anall 2 (39 5 ) gall
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Point 4laaill Cais o
Lines 4o ghall Cais o
Edges <l sall (aiS o
Corner L) aiS e

93- Dr. Ali Mayya
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omineeion Edge detection Filters
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ball (ads
Line Detection

FIGURE 10.3 Line
masks.

Edge detection Filters
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A gal) ads
Edge Detection

Edge detection Filters

Roberts cross-gradient operators =)

Prewitt operators

Sobel operators

E— 0

> 0
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123

Sobel

il all (ol S o

r. Mariam Saii, Dr. Ali Mayya

https://manara.edu.sy/




) gal) (LS
Edge Detection

Edge detection Filters

il all (ol S o

0 1 1 —1 —1 0
Prewitt masks for
detecting diagonal edg -1 0 ! -1 | 0 1
—1 —1 0 0 1 1
Prewitt
0 1 2 -2 | - 0
Sobel masks for
, . -
detecting diagonal edges —1 0 1 —1 0 1
—2 —1 0 0 1 2
il
¢ d Sobel

FIGURE 10.9 Prewitt and Sobel masks for detecting diagonal edges.
133- Dr. Mariam Saii, Dr. Ali Mayya
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) gal) (LS
Edge Detection

a b

¢ d

FIGURE 10.10

(a) Original
image. (b) |G-
component of the
gradient in the
x-direction.

(©) |G-
component in the
y-direction.

(d) Gradient
image, |G| + |G,|.

Edge detection Filters
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) gal) (LS
Edge Detection

Edge detection Filters

0 1 2
—1 0 1
—2 —1 0

—2 —1 0
—1 0 1
0 1 2
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FIGURE 10.12

Diagonal edge
detection.

(a) Result of using
the mask in

Fig. 10.9(c).

(b) Result of using
the mask in

Fig. 10.9(d). The
input in both cases
was Fig. 10.11{a).



Edge are affected by noise | <l sall e zuauzall il

O)alal (il pall Cold€ Aagi b poaall Helay
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Where is the edge?

Source: S. Seitz



e O gr10-1]" Derivative of Gaussian filter (933 o
:L;"")’d‘ <"9M all GMJA °
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g* [10-1] g*[10-1T" Derivative of Gaussian filter e

L;.mjﬂ‘fg.\m \G&A‘)A.

X-Derivative of Gaussian Y-Derivative of Gaussian Gradient Magnitude
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Gaussian

1
ho(u,v) = ——=
U( ) Dro2

derivative of Gaussian

Laplacian of Gaussian filter (‘-,\31-5 o

(sl GO = je @
Laplacian of Gaussian i

“ Srgess
Nee
Sy CHA LIS
NSty
N

0
%hﬂ(uv ’U)

» V< is the Laplacian operator:

V2f =

2f | Pf
ox2 ' 9y2

Slide credit: Steve Seitz
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Edge detection Filters

o =1 pixel o = 3 pixels

st b el (g lmall (il jai¥) Jalee CaBlialy Cal gal) Calias

Jil dailll (ol gadl <o ST dgala )l ol sl apesi a3 g 824 )
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Canny Edge detector

1. Filter image with x, y derivatives of Gaussian
o sal) ELiall aladiuly 5 ) geall gl i

2. Find magnitude and orientation of
gradient z il 4yl 5 & il ALy gha Alsy|

3. Non-maximum suppression: (sela=ll sl syl
Thin multi-pixel wide “ridges” down to single

pixel width

Lasd aal g JuSy anad GO (58 53

4. Thresholding and linking (hysteresis): ciill

Lol
Define two thresholds: low and high (e 2aas
"! e s j:\:ln.c

Use the high threshold to start edge curves and
the low threshold to continue them
dasdial) g il gall liiatas el dllal) dall aadtid

B yalua L@J’Aj
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Canny Edge detector Step!®?: Derivative of Gaussian

e parll

2;2 E}fp(_(i—{k-F1]}32—:?[_?_(}34—1”2);1Ei,ji{?k-l—l}

Gaussian filter kernel equation

A

(Sesm aladinly (i) ga CAES) gz il ALy gl A\ 4

(—1 0 1 ] 2 | )
K,=1-2 0 2|.K,=]0 0 0 q

=1 0 1 -1 -2

Gl = [1Z 4+ 12,

I,
Kx, v) = arctan (f_

X
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Canny Edge detector Step3: Non Max Suppression

Non Max Suppression </ ghad
] ] e o e :
o . g ® (0-45-90)
cradient / olaily s (alie dad Jiay Jul o (g (38l o3y
* *° r . ¢ 4alal)
c o o e iy g dila JuSll ey Y o dl) 38a3 aae Jla b

Result of the
non-max
suppression.

Non-max j\>
suppression |
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. Non Max Suppression
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Canny Edge detector Step*: Thresholding and linking (hysteresis)

Double
Threshold

L_.d._.d_._]

Mo strong pixels around

L.

One strong pixel around

https://manara.edu.sy/

doleall 228 Cag3 :Double Threshold (Y.l
~Adamaia -dn 8 rcal gall e &\y\3mmé\
4, 9u ¢llici Strong Pixels 4 58l QM‘ -
Agial) e ef dpala

Sy 4 Weak Pixels Adauiall cdlusy)
Oe el Ll @l diall (e 8 Ol g i
Adall Ayiall

Non-relevant 4dasisall ;& cBlusyl)

o JB b g i Al S o Pixels
Al 4l

Edge Tracking by <l sad) cadas (Ll
Hysteresis

LAJHJ‘L;)Y\AJAJJ\MLALJWYD
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Canny Edge detection Example

Effect of o (Gaussian kernel spread/5|ze)
4\&\4]\ u\jﬂ\ L;.:; @) J.uu \3

original Cannywith 00 = 1 Canny with 0 = 2
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Corner Detection Ll s 3 «ais

e We should easily recognize the point by looking through a small window
Lol sy el 3 all je ) el b yiraa alaol 3380 axdiudi

e Shifting a window in any direction should give a large change in intensity
Aol 1) il gl 85 508 il i e Biay (Sl cilaladV) K)ol (ol 8 338111 da) ) a5

\

i

“flat” region: “edge”: “corner’:

no change in all no change along the edge significant change in

directions direction all directions

gy W b Ak Preiil) BN PN FRSVEL IRV YR EE BN s s ax s gl )

Source: A. Efros o) Lﬁi (s e L.,Si dadd aal g oladl 5 (UeSlrall oladYh Glalad) sae Gl gl
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Change of intensity for the shift [u,v]:

Window Shifted CIntensity)
function intensity

33801 g1 a>|50)l wlgudl CONP]
(338LJl wMwsy) alsVl
Window function w(x,y) = or&
(st s Jhiua Laf) 32401 ol
1 in window, O outside Gaussian

Source: R _Szelicki

nttps://manara.edu.sy/



The bilinear approximation simplifies to JS&ll ) ALl Aalaall o j8 Sy

E(u,v) ~ [u v] M

where M is a 2x2 matrix computed from image derivatives

nttps://manara.edu.sy/



Corner Detection: Harris Detector Ll 53 ails

Interpretin ng the second moment matrix

Flrst consi

M\JAUAS.\\.\.‘
o) Lad)
a9 L gas
S Jilad) jaadl)

DL,

an axis-aligned corner:

2L,
21y
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Classification of image points using eigenvalues of M:

A

//mandara.edau.s



Corner response function
R 41 3 daladia) 4l

R =det(M) —a trace(M)? = 4,4, — (A + 4,)°

o: constant (0.04 to 0.06)

direction of the
fastest change
&JM&‘ il sladi)
(sal))

direction of the
slowest change
Uad) st slas)
(=)
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Corner Detection: Harrls Detector QUJ‘ —dlS

M, wd
- st
Q Compute
corner
response R

Take only the
points of local
maxima of R

Find points with large

rnrnor I"QCF\!\F\CQ D\+|«rncl«\r\|r~|

IVVVV' = 2 I |
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Corner Detection: Harris Detector Ll 5 3l «allS

Take only the points of local maxima of r

https://manara.edu.sy/



Finding lines in an image: Hough space b shall Cais

y b

A A

y = mox = bo

—
b, °
X Mo m
Image space Hough (parameter) space
3y prall ¢liad (LJ\A) Sl yia ) gliad

Connection between image (x,y) and Hough (m,b) spaces

(m,b) ) yia ) clizad g 1(X,y) 3y gall cliad i 483Nal) -
* Alinein the image corresponds to a point in Hough space
e Jisat 4 AdalS Al 5 ) pall 8 Jadd)
* To go from image space to Hough space

G 1 (m,b) Bl JS Cua o(x,y) B (e de sane dalb (e ila sliai s sy gall olimb oy day I iy o
Y = mx + b 48l
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Finding lines in an image: Hough space

y A b A
yo @ b — —xom -I_ Yo
—
X X m
Image space Hough (parameter) space

* What does a point (x,, y,) in the image space map to?
5 geall slnd 3 ddaill Ji&5 13 o

— Answer: the solutions of b = -x;m +y,

— this is a line in Hough space
b='X0m+y0 LL‘J.\A\J\.\S\ clLiiad ‘; i Jolas 'é‘)}..aj\ clLiad & aaal) —
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Finding lines in an image: Hough space

y y

Yo

A b Parameter
space
\ Combinations
(3;2) (values) k and d
] ) that intersect max

number of edges

(1,.1) (2,.1) .(4,1) —)

>

(1,0) > b=-m
(1,1) > b=-m+1
(2,1) > b=-2m+1
(4,1) > b=-4m+1
(3,2) > b=-3m+2

m
® >
(1,0) X

iImage space Hough (parameter) space

Gyl 5Ll eliad ) 3 ) guall clicad Cre Ay halasl) J s Jlia

b= —xzom + Yo



Finding lines in an image: Accumulator Array

1] c!
& 4
HiiEEEEEEEEEEEE
llllllllllllllll 1. . . . . - . . » . . :
----------------- 1. - - - - - . - - . - .
------------------- 1 - - - - - - . - - - - .
nnnnnnnnn N . . .i‘ - . . S . . - . . : 4
L] EENIEEEEEEEEE

............... L ..

N 1 . B ENNEREEREES

ENEEEEEEEEN H B EEEEEEEEE

EY 2 | ] [
#################### 7141 - - - - - .
..................... EVEVE I
1 1

______________ -1 [T Ty T 1 I8 1 >
(a) Image Space (b) Accumulator Array

Accumulator Array: discrete representation of parameter space as 2D array
) A0 48 siiaeS Gl yial Hlll eliadl aaddl A Jilad 13S) yall 44 siina

Given a point in image, increment all points on it’s corresponding line (draw line) in
parameter space.

el ) plimd 8 Jtiadl adll e Lol S ae iy 6by gual) sl 8 A Lisal yim Jis
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Finding lines in an image: Hough space

y A . b
()
() ° S~ —
— = T
X m
Image space Hough (parameter) space

Hc;\glacéaer% we use this to find the most likely parameters (m,b) for the most prominent line in the image
€5y seall slad 8715550 Y Jaall (m)b) & el JLll ad alay¥ eliadll (o A8l aadii o ¢Sy oS
* Let each edge point in image space vote for a set of possible parameters in Hough space
ala climd 8 dlaiaall & el Jll (e de gandl Gigia axlib ) geall liad 8 ddass (S o
* Accumulate votes in discrete set of bins*; parameters with the most votes indicate line in image space.
Bosall gliad s N i SV @l el aae @l @l il Hlll s caill (0 dliadic de gana die Ol pal) A e Ly o
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Finding lines in an image: Polar representation of line

Issues with usual (m,b) parameter space: can take on infinite values, undefined for vertical lines.
(e Y daall) 40 panll T gladll Al (o yra e S0 ol (g0 23ma 2 220 e Baday O 0Sy (M, D) Dl el Ll sliad e Al

Image rows

Image columns

0,0 X . d: perpendicular distance from line
@ to originJSsall (A bl (e 48 gant) ddlewall
d @ : angle the perpendicular makes
y with the x-axis (32¥) 5 3 gad) Cp 4ug) I

X COS &

ysin@ =d

Point in image space - sinusoid segment in Hough

space

Gl yial ) plad B s adala JilE5 5 puall plad B Adak (13



Hough transform algorithm

Using the polar parameterization 4xdadll Gildlaay) aladsiily H: accumulator array (votes)

XCcos@+ysind =d
il doa )yl gA <l glad
Basic Hough transform algorithm

1. Initialize H[d, 6]=0
2. for each edge point I[x,y] in the image .

for0=1[0,, to 0, .1 //some quantization ® :f:ﬁ d, 0 el Al dais fsd;‘w
- : S o) Sl 25 B JS Jaf he
3. Find the value(s) of (d, 8) where H[d, 8] is maximum . :
. ) A 0@ obanl) Al Gl oy elld aay
4. The detected line in the image is given by (S &3 poll) i o) 4 i
d =xcos@+ysind ® ®

S Alaleally badl) s 2y 1 paalf
cv.HoughlLines (image, lines, rho, theta, threshold, srn =0, stnh = 0, alac Y 480 gall d , O Al (sl
min_theta = 0, max_theta = Math.PlI) H 48 sinall & Cisua



https://docs.opencv.org/3.4/dd/d1a/group__imgproc__feature.html#ga46b4e588934f6c8dfd509cc6e0e4545a

Hough transform algorithm: Example

For image shown, consider 6=[-45, 0, 45, 90] o 1 2 3 4

0 . . + 4 I

Compute the accumulator array and find the most
corresponding lines.

w d:xcose+ysin6? 1o

P

4 + .

(2,0)> h_mnh
d=2*cos (-45) + 20 T > .
0 *sin(-45)=1.4 ( )

(1,1) 1 1.4 1
e0> /u/ 07 2 a1
d=1*0.7 +1*-0.7= -~ (1,3) -1.4 1 2.8 3
1.4-1.4=0. (2,3) 0.7 2 3.5 3

(4,3) 0.7 4 5 3

(3,4) -0.7 3 5 4 —
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(2 0)
(1,1)
(2,1)
(1,3)
(2,3)
(4,3)
(3,4)

0.7
-1.4
-0.7
0.7

2
1
2
1
2
4
3

1.4
2.1
2.8
3.5
5
5

0
1
1
3
3
3
4

wTheaccumulatorarrayz\-«S\ﬂ\z\é;M o 1 2 3 4
0 + + + + r

m_mn-

-u-ﬂﬂﬂﬂﬂﬂ

-45 1
0 2 3 1 1
45 2 1 1 1 2
90 1 2 3 1



wCorresponding Lines adll JeV dlladl Lo gl

-ﬂ--ﬂﬂ-ﬂﬂﬂ

-45 1

0 2 1 1
2 1 1 1

45

90 1 2 1
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Original image Canny edges

Hough transform
algorithm: Example

g3 pa Ay B alie cililadia) Bad

(48] b ghas) 0O
-600 435131 A B el Clilaiul
(Alile 1o ghai)

Decode °
the vote
space. a0

BO0

-0 -B0 -4 -20 0 20 40 60 80



Impact of noise on Hough

: 0

Image space Votes

edge coordinates s

What difficulty does this present for an implementation?
—m= Aaiadal) OS] —an 948 Jal) 2 Gudai B Ay prall A L
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Impact of noise on Hough: Noise gl

Image space Votes
edge coordinates

Here, everything appears to be “noise”, or random edge points, but
we still see peaks in the vote space.
(Ae ) sa) dakiiia e Ll V) ) sa¥) eliad 8 aad (5 5 J) 5 Y il e (il ga Ll
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Impact of noise on Hough: Extension g s

Extension 1: Use the image gradient ((38iY1) ) gaall 77 a0 aladicl
@m&\@jJ\#\éngSM\deﬁ

1. same
2. for each edge point I[x,y] in the image
0 = gradient at (x,y)
d = Xxcosfd—ysind
Hld, 0] +=1
3. same
4. same

(Reduces degrees of freedom)

https://manara.edu.sy/



