Module 8
|mage Analysis||

e |mage Quality Assessment
e Template Matching
e Edge Detection



IMAGE QUALITY ASSESSMENT

o What determines the of an image?

e |f the ultimate recalver isthe
IS al that matters.

e But how can this be determined
?How can it be



Three Typesof Image OA

e Thesearchisaways on for algorithms that do:

(1) —Wherein a“distorted” imageis
compared to an ideal reference image, which is assumed
available.

(2) —Wherein areference is not
A\ /Al | aAhla hiit nthoer informatinn Mmioht hhae e that the

aAv Al | GlIJC, UL ULl ICI IIIIUIIIIGLIUIIIIIIHIIL UC,CH, LI LI IO
Image is JPEG-distorted.

(3) —Wherein there is no reference

Image, nor other information available. The imageis
assessed based on its individual appearance. Also called



No-Reference | mage OA

An . An algorithm must answer
“What i1sthe quality of thisimage’ with only the image as input.

Greatly complicated by issues such as
etC.

Almost on this problem. Indeed, progress has been
slow on all forms of QA - until recently.

Nevertheless — can do it quitewell, and in fact are the
final arbiters. So, there is hope.

We won't delve into this topic.



Is thisimage of good quality? Why or why not?  _



Reduced-Refer ence | mage OA

 Theimageis not available, but about it is
given.
 |If Images are sent over achannedl, extracted from the

Image (at the transmitter) are sent on a separate channel - for
comparison with the distorted features at the receiver. Edges,

~~] AnE A~

A N1~ 1 A I N\ 'AI AAA“: A: e "= ~~ ~~
seiected DCT or wavelet coefficients, etc.

o Or, if it isknown that the images are subject to a specific
distortion, such as . Some regard thisas “blind” but in
reality, it is reference information.



Does this image have predictable distortion artifacts?
.



Full-Reference | mage OA

e The 1S

for of Image
processing/communication

e | ots of 1N the area.

for monitoring image system outputs
without reference.

e |deas may form basis for blind QA —in time.
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MSE / PSNR

The IS the long-standing most
widely used image QA method.
Given | and J:
1 N-1M-1 .
MSE(l, J) = —— 1, J) - J(, |
(I, 3) NMi:Ojg(:)[( ER(W)]
The IS:
2

PSNR(I, J) = 101og,,

MSE(I, J)
where L i1sthe range of allowable gray scales (255 for 8 bits).
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Advantages of M SE/PSNR

 Analytically easy to work with.
e Easy to w.r.t. MSE.

In high SNR situations.
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Disadvantages of M SE/PSNR

with human visual
perception!
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Einstein w/different distortions

(@) original image

(b) mean luminance shift
| (C) contrast stretch

(d) impulse noise

(e) Gaussian noise

Vi (f) Blur

(g) JPEG compression

(h) spatial shift (to the left)
(1) spatial scaling (zoom out)
(J) rotation (CCW).

Images (b)-(g) have nearly
Identical MSEs but very
different visual quality.
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Human Subjectivity

IS the ultimate gauge of image quality.

requires asking many subjects
to view images under How thisis
done is beyond this class.

* Theresulting (MOS) are then
correlated with QA algorithm performance.

e Until recently, MSE had despite 40 years of
research!
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Human Vision Based M etrics

o Several QA metrics have been used which utilize

* The best exampleisthe Sarnoff Labs
which won an Emmy! (JND = “Just Noticeable
Difference”)

 Studies showed that this complex algorithm is not
much better than M SE — except for QA of

14



Structural Similarity-Based Metrics

e A more modern, extremely successful approach:
Measure of In adistorted image.

* The same thing: Measure

e Basicidea Combine local measurements of
similarity of Into a
local measure of quality.

e Perform a of the local measure

across the image.
15



Structural Similarity Index (SSIM )

» Groundbreaking technique that has Image QA.

 The SSIM Index which expressesthe similarity of | and J at apoint is

SSIM, 5 (i,§) =L, 5 (i,§)-C 5 (,§)-S 5 (i, 1)

where
L, 5(1, J) iIsameasure of |ocal
C, (1, ]) isameasure of |ocal
S 4(1,J) iIsameasure of local

16



L uminance Similarity

e The IS

I—|J(i J): 2“|(I’J)HJ(I’J)+C1 — ZHIHJ+C1

| i) + 3G, )+ G pf +us+ G
Where MI(L J)1 HJ(L J) are
(luminances)

P Q
w (,5)= 2. 2. w(p, Q)l(i+p, j+0g)
p=-PG=-Q

w(p, g) Isan
such as agaussian shape: s 3 wp. g =1

and C, is a stabilizing constant (more | ater) -



contrast Similarity

e The IS

... _ 20,(1,]))o;(,]))+C, _ 2005 +C,
CI,J(I’J)_ 2, . 2, . -~ 9 2
oy (I,]) +o3(,])+C, of +o03+C,

where o,(1, ]), o4(1, ]) are
(contrasts)

. . P Q . . . 12
o (i,j) = \/ > > w(p, o[I(i+p, j+a)-p, (i, J)]

p=-PG=-Q

andC,isa



Structural Similarity

e The 1S

. 205(L))*+C3 _ 20, +Cy
Sa())=—— . =
o, (1,))o;(,]) +C3 o605 +C4

wherec,;Isa

Q
50, ]) = i ZQW(p, a)[1(+p, j+a)-w, (i, ) ][Ai+p, j+a)-1; @, )]
p:-Pq:-

and C;isa 0



Properties of SSIM

The SSIM Index satisfies Important properties
for comparing two images:

1 SSIM, (1, J) = SSIM, (1, ])
:0<SSIM, (1, ]) <1
: SSIM, 4(1, J) = 1 if and only
If the images are locally identical:

for-P<p<P, -Q<q<Q.
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Stabilizing Constants

The constants C,, C, and C, the three terms —in case the
local means or contrasts are

For gray-scale range 0-255,
work well and robustly.

If C,=C,=C,=0, then

SSIM, (i, j) = Ap, (1, )y (1o (1L ) _ 41303

i) 56D [ of @) + 056D | (uf +n3)(cf +oF)

Thisoriginal version of SSIM is known as
21



SSIM Map

 Displaying SSIM, 4(1, ]) asan image s
caled aSSIM Map. It Is an effective way of
where the images |, J differ.

 The SSIM map depicts where the quality of
one image Is flawed relative to the other.
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(a) reference image; (b) JPEG compressed,;
(c) absolute difference; (d) SSIM Index Map
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a) reference image; (b) JPEG2000 compressed,;
(c) absolute difference; (d) SSIM Index Map
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(d)

(@) original iImage; (b) additive white Gaussian noise;
(c) absolute difference; (d) SSIM Index Map.
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Mean SSIM

 If SSIM, ,(I, ]) Isaveraged over the Image, then a
single scalar metric isarrived at. The IS

1 \N-1M-1 o
SSII\/I(I,J)=(W)Z SSIM, 5(1,))
i=0 j=0

 The Mean SSIM correlates extraordinarily well with
human response as measured in large human studies
as Mean Opinion Score (MOYS).
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SSIM vs. MOS

100 :

90F

B0t

On a broad database of images &l
distorted by jpeg, jpeg2000, S sof
white noise, gaussian blur, 40}
and fast fading noise. 307

201

10+

0.4 0.5 0.6 0.7 0.8 0.9 1

MSSIM
1+be™

Curveis bedt fitting logistic function a .

1+Be—t/r
What Is important is that the data cluster
closely about the curve.
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MOS

MOS

SSIM vs. The Competition
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Mean SSIM Examples

b) MSE = 313 ¢) MSE = 300 d) MSE = 308 (©) MSE = 309
(MSE=313  OMEZ.  OMEIE. SSTM = 0.880

Einstein altered by different distortions. (a) reference image;
(b) impulse noisg; (¢) Gaussian NoISse;
(d) blur; (e) JPEG compression.
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Future Applications of SSIM

e Assessing the quality of , such
as denoising, deblur, compression, enhancement,
watermarking, etc. A huge field of applications!

using SSIM instead of the
standard M SE. The hope Is that image processing

algorithms will perform much better! Thisisalso a
huge field!!
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TEMPLATE MATCHING

e Consider of acertan
e.g., acertain object, written
character, etc.

e Thisiscalled

e Visual Searchisa

31



Where sWaldo?

32



T

emplate M atchin

1S a window-based

technique to accomplish this task.

e A

ISa

F

Template image of ‘P’

33



Find The Faces

(there are 11 of them!)

34



Template

» Associated with a T isawindow B+

which defines its domain:
T ={T(m, n); (m,n) e B;}.
* Wewill also use window B+ to search I.
* Asbefore, the at(i,])1s:

B.ol (i, ) = {1(i+m, j+n); (m, n) By}

35



Matching the Templateto the
| mage

e Goal: Measure of template T
with image patches Bl (i, j) for al (i, j)

e Result: A J taking large values
where BCI (i, J) and T are highly similar.

e We start with various and
will derive a from one of them.

36



Mismatch M easur es

{Brol(1,]), T}
(1) :(mnr])axB ‘I(i+m, j+n)-T(m, n)‘ (max absolute error)
(2) :(Nﬁ\lj (%)E%T\I(Hm, j+n)-T(m, n)|  (mean absolute error)
(3) :(ij > > |I(i+m, j+n)-T(m, n)\z( )
MN (mn)e B+

* (1)-(3) are reasonable mismatch criteria between B-CI (i, |) and

T. Only (3) leads to an easy

37



M SE-Based Analysis

e Decompose MSE into

MSE{Bol(i,j), T} o > > [I(i+m,j+n)-T(m, n)\z

(m,n)e B
=¥ Y [@+m )] -2 3 3 Iim, ) T(m )+ Y [T(m, )]
Sm,n)e B gm,n)e B Sm,n)e B }

J J
' ' v

=Eg oiij) =2Cs o, )1 TE7

e MSEis when match is good. Only CBToI(i,j),T

contributes to the match measure.
38



Cross-Correlation M atching

>3 AMNBMN< [YY [AMmn°YY [Bm, )]’

(m, n) (m, n) (m, n)

with equality "=" replacing "<"
A(m, n) = K-B(m, n) for all (m, n)

whereK Is 39



Upper Bound on Cross-Correlation

» Upper bound the cross-correlation:

Cg otg T = 2 2 I(i+m, j+n)T(m, n)

(m,n)e B+
< [¥ S (Em P Y Y [T )P
\/(m,n)e B (m,n)e B+
:\/EBTOW’]) By

with
I(I+m, j+n) = K-T(m, n) for all (m,n) e B; 4



Normalized Cross-Correlation

e Cross-correlationisa but we
need to compare it with the theoretical upper bound
\/EBTOI(i,j) ' ET

or normalize with respect to it:

41



Normalized Cross-Correlation

Cp_oi(,)), T
JEs, o6 p  Er

sothat 0<Cg .y 1 <1 for every (i, j).

e Define CBTOT(i,j),T =

e Definethe
J=CORR][l, T, B;]
If
Xi,J) = Cg oj)7 for0<i<N-1,0<j<M-1
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Thresholding

e A good way to compute the best match isto find the
In the match image

J=CORR[l, T, B]

e Thisassumesthereis . Alternately,
the match image:

KG,j)=1if 3G, ) >t

which will (hopefully) identify all points having a sufficiently
good match.

43



Thresholding

e If T=1, then only will be
found. These are rarely present due to noise.

e Usualy avaluert that is but
one Is used.

e Determination of thisvalueisusually an
empirical (trial-and-error) exercise.



L imitations of Template Matching

Template matching is quite

Noise, rotation, scaling, stretching, occlusion ... and
many other changes can confound the matching process.

The following template:

Will match quite well to thisimage. .|

.'_l_‘lfl Illl;.' & T _‘4_ ' S
it |1 -
[ R e it N
L e g
i ; : r e -



L imitations of Template M atchin

e But not aswell to these....




Generalizing Template Matching

The operation is to arbitrary
occurrences of the object such as the "problem" instances shown in the
preceding.

Researchers have extended the technique (with considerable ensuing
computation) to resolve of the problems.

However, the technique remains quite . Certainly it is not the basis for
existing complex search process, e.g., in human vision, nor should it be the
basis for complex computer-based visual search.

Later we'll study the that is much more generalizable but
applies only to finding N Images.
The next topic, , may beviewed as a of template

matching. The templates in this case are very smple.
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EDGE DETECTION

Probably no topic in the image analysis area has been studied as
exhaustively as .

are sudden, sustained changesin Image intensity
that extend along a contour.

IS used as a precursor to most practical image analysis
tasks. Many algorithms use detected edges as

fundamental processing

Some for this:

IS contained in iImage edges. An image
can be largely recognized from its edges alone.

- An requires storage space than the image
itself. Itisa contour plot.

48



What Isan Edge?

 Where are the "edges' in each of the
following Images:

Y
1.

(2)

49



Overview of Edge Detection M ethods

 Methodsfor have been studied since the mid-1960's.
o Easily been the most studied problem in the image analysis area.

of different approaches devised - based on just about any
Imaginable for deciding whether one group of
numbers s larger than another.

e The problem became (at last) fairly well-understood in the 1980's.

o Wewill study
- edge detectors
- edge detectors (multi-scale)
- edge detectors

50



GRADIENT EDGE DETECTORS

o Oldest (Roberts 1965) but still valuable class of edge detectors.

« For acontinuous 2-D function f(X, y), the IS atwo-element

Vi, y) = [f(%, y), £, YT
where

d %,
f.(x,y) = —f(x,y) and f,(X,y) = —f(X,
(X, Y) 8x( y) y (X, Y) ay( y)
arethe of f(x, y) in the x- and y-directions:

yA

ol

» X



Gradient M easurements

: the of the of
f(x,y) at apoint (X, y) isthe
(X )
0 (X, y) = tan [fi(x, y))

e and that rate of changeisthe

M (%, ) = (T2, ¥) + F2(x, Y)

 Thegradient is appealing for defining an edge
detector, since we expect an edge to locally exhibit

the greatest .
52



| sotropic Gradient Magnitude

: Take directional derivativesin
(say X" andy’) and

y, \/X,

e M:(X,Yy)IS or

M:(X, y) remains

IS for edge
detection —detect edges equally
regardless of orientation.




Gradient Edge Detector Diagram

e Described by the following flow diagram:

Image |  discrete »| Ppont |

| differentiation operation

threshold —%

edge map
E

- . digitally approximate VI

- > estimate M, = |VI]

. decide which large values of M, are

Ilkely edge Iocatlons

o4



Digital Differentiation

e Digital differentiation is .Foral-D
function f(x) which has been sampled to produce

f(1), either: g
—f(x)] 1) -1(i-1)
dx X=i
if(x) Hf(|+1) -f(i-1)
dx = | 2

* The advantage of thefirst isthat it takes the current
value (1) into the computation; the advantage of the

second isthat it is
55



2-D Differencing

In the extensions are easy.

;f(x, y) — (i, J) - £(-1, )
2 (x.¥)=(i.j)

aayf(x, v e fD)- D
and (x.y)=(1,))

if(x, y) L f(i+1,]) - f(i-1, )
X (xy)=(i) 2

0 f(i, j+1) - f(i, j-1
1x,) 1) )2 (,]-1)
y (xy)=(i.j)




Example: 1-D Differencing

 Thesignal I(1) could be ascan line of an
image. Let D, (1) = |[I(1)-1(i-1)].

|(|)_10W\/\A/ D,(1) = 5

0 3 6 9 12 15 0 3 6 9 12 15

* A Clear, -



Example: 1-D Differencing With Noise

 Thesigna J(i) =1(i) + N(i) may be a Image scan
line. Let D4(1) = |J(i)-J(i-1)|.

20 8

Ji)=1-

-

0 3 6 9 12 15

ISa for this type of edge detector.
Differentiation emphasi zes high freguencies (such
as noise)

58



Types of Gradient Edge Detectors

* Define A, and A, which
produce directional derivative estimates:
A, =|-1]+1]| A 1 adjacent
A |
-1
AXI -1|{ 0 |+1}/2 Ay: 0 |/2 e
+1
RO il H N ol B
— t ]
10 |+1 +1| 0 OPES

* The performance of these three isvery . 59



Noise-Reducing Variations

* Designed to reduce noise effects by averaging
along columns and rows:

-1 0

+1

+1

+1

+1

+2

|
o| O| O ol O

+1

e These also perfor

/3 A, =

4 A, =

-1

-1

-1

0

0

0

+1

+1

+1

/3 Prewitt

-1

—2

-1

0

0

0

[4 Sobel

+1

+2

+1

m similarly.
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Gradient Magnitude

The combines the directional derivative estimates A, and
A, Into asingle estimate of the

Theusual estimates  (A) M(i, j) = \/A)Z((i,j) +A2(i, )

(B) M(i, 1) = [Ac (i, )] + Ay (i, )

(C) M(i, j) = max{ |A, (i, )|, [A, G, )| ]
The following always hold:
C<A<B
(A) isthe Interpretation, but (B) and (C) are - NO square

Or sguare root operations.

(B) often overestimates edge magnitude of an edge, while (C) often

underestimates edge magnitude. oL



TheTl Gradient Magnitude

e Better than (B) or (C) Is

(D) M(i, j) = max{|A, (i, ) \Ay(i,j)\}ﬁmin{\Ax(i,j)\, A, G )|}

o Still, the differences between (A)-(D)
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Thresholding the Gradient
Magnitude

Once the estimate M(l, ) IS obtained, it is to find
plausible edge locations.

This produces the binary

£( i) = {1; M(, ) >t

0;M(,)) <t
Thus:
- avalue'l' indicates the of anedge at (i, |)
- avauevaue'Q' indicates the of anedgeat (i, j)
The constrains the and of

the edges that are detected. 63



Gradient Edge Detector Advantages

o Simple, computationally efficient
e Natural definition

 Work well on "clean" images

64



Gradient Edge Detector Disadvantages

o Extremely

 Requiresa - difficult to select - usually requires
for best results.

« Gradient magnitude estimate will often over a
few pixels distance from the true edge. So, the detected edges are often

* Thisusually requires some kind of operation -
usually heuristic.

* The edge contours are often - gaps appear. Thisrequires some
kind of operation - usually heuristic.
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LAPLACIAN EDGE DETECTORS

« Edge detectors are based on

e For acontinuous 2-D function f(x, y), the IS
defined:
2 Ot )+ Lotk y)
VaA(x,y) = —1f(x,vy) + —1f(X,
(X, y) 2T > y
e |tisa not a vector.

. If the directional derivatives are taken in
(say X, y') the value of the

Laplacian V4 (x, y) remains v \/ ,
X
66



L aplacian Edge Detector Diagram

 The IS described by the
following flow diagram:

L . _, edgemap

image | discrete Zero-crossing
| differentiation detection E

edge enhancement detection

. Digitally approximate VI

: Discover where the

Laplacian the zero level. .



Reasoning Behind L aplacian

1-D Edge Profile:

>
Differentiated Once: J\\‘A

>
Differentiated Again: J\

e A or occurs near the center of the edge
where the . 68




Digital Twice-Difference

e For al-D function f(x) — f(i), we use:

D oK) - fGi-1) = y()
dx = |-

I
and then

dd—zzf(x) — y(i+1) - y(i) = f(1+1) - 2(i) + f(i-1)
X |

with

X=l

+1 | -2 | +1

69



Digital L aplacian

e |ntwo dimensions:

Va(x,y) = [I(i+1,)) - 21(i,j) + 1(i-1, j)]
+ [I(i, j+1) - 21, j) + 1(i, ]-1)]

with

+1

+1

+1

+1

+1

+1

+1

+1

70



Example: Twice-Differentiation

* Letl(l) beimagescanline, V, (i) =I1(i+1) - 2I(i) + 2I(i-1)

20 20
| o
(1) = - Vi) = o
] -10
0 +—r—ab——vF"+—-"->—+-r— -20 |
0 3 6 9 12 15 0 3 6 9 12 15

 Clearly reveals asharp edge location: asingle
and several "smaller" zero-crossings.



Example: Twice-Differentiation in Noise

« ScanlineJ(i) =1(i) + N(i) of a Image:

20 10

(i) = V()= o

0 - -10 +—/——7""—T7T—T7—

e Numerous ZCs.

ISan for thistype of edge detector.

Differentiating twice creates -



Smoothed and M ulti-Scale
L aplacian Edge Detectors

L aplacian too noise-sensitive to be practical -
there is always noise.

But modifying it in asimple way It can be made
very powerful.

The basic idea Is encapsul ated:

I G V crossings E

- smooth noise
- determine edge scale

The difference: a (low-passfilter) Is
applied prior to application of the Laplacian.

/3



L ow-Pass Pre-filter

e The of alow-pass pre-filter to the Laplacian
ISto while
retaining the significant image structure.

e The of the smoothing filter isto
over which edges are detected.
 Note a (such as Laplacian) followed
(or preceded) by a filter will yield a

If their passbands overlap.

4



Gaussian Pre-filter

e A |ot of research has been done on how thefilter G should be selected.

* It has been found that the optimal smoothing filter in the following two
simultaneous senses.

(i) best
(i) signal-to-noise ratio (SNR)
ISa filter: (K isan irrelevant constant)

G(i, j) =K -exp{-[i2 + jz]/ZGZ}

75



L aplacian-of-Gaussian Edge Detector

e Definethe or onl:

I, ) = VGG, j)*13, )]
= G(i, j)* Vi, )
= V2G(i, j)*1(, )

* Above 3 forms equivalent since (differentiation and
convolution)

o Best approach: pre-compute the

.2 2 .2 | 2
VZG(i,j)o{l_' +21 ]exp{—l + | }

o) 262

and convolve image | with it. (Constant multiplier omitted since only£Cs
are of interest).



Polar Form of L oG

e TheLoGIs and can be written in polar
form:

2 r2

V2G(r) o< (1——] exp[——j
o 267

V2G(r) / DFT

4) rotate through 360° T 4>
e A

2
o
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The last stage of edge detection is

Let J=[J(1,])] betheresult of LoG filtering.

A ZCisa of the zero level: the algorithm must
search for pixel occurrences of the form:
+ -
+ | - - + 10| -
— | + _ - 10|+
_|_
By a convention one sign or the other is as the edge

location unless higher (sub-pixel) precision isneeded. 78



Scale of L oG

* Thelarger the value of ¢ used, the greater the

degree of by the low-pass pre-filter G.
e Ifols then noise will be greatly smoothed -
but so will

with decreasesin G -
but the LoG edge detector then detects more
detall.
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Digital | mplementation of L oG

Use the

VINRY. VINRY.
VZG(i,j)o{1_' +21 ]exp{_l + | }

o 26°

There are specific rules of thumb that should be followed:

of V2G(i, j) must be sampled. The LoG will not work unless the template
contains both and In practice, the R of the LoG (in
space) should satisfy

Once a LoG template is computed, its coefficients must be slightly adjusted to
(Why?)

Thisisdone by the (average) total coefficient sum from each.

82
The LoG will not work well unlessc > 1 (pixel)!



Thresholdingthe ZCs

not usually necessary if a IS used.
However, sometimesiit is desired to both and
This can be accomplished with effectively by
Let J(i, j) bethe LoG-filtered image and E(i, ) be the
Then find the gradient magnitude |V J(i, j)| (Roberts form will suffice since J is smooth).

|f
IVJ(i, j)| >t = threshold

EG,j) =1 (aZC exists a (i, |))

then leave the ZC. Otherwise -



Contour Thresholding

. Simple thresholding may create broken ZC contours.

: Compare all ZC pixelson aZC contour to athreshold t. If enough
are above threshold, accept the contour, else rgject it.

Suppose (i, j1)s (15 o), (i3, J3) 5--- (11, J) cOMprise an 8-connected ZC contour.

Compute [VJ(i,, J)|forn=1 .., L.

Let Q =# points such that [VJ(i,, ],)| > t.

|f
Q/L > PERCENT then the entire ZC contour
Q/L < PERCENT then the entire ZC contour

Typically, PERCENT > 0.75
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Advantages of the L oG

Usually

Yields (no thinning!).
Yields (no edge-linking!).
Can be shown to be (under some criteria).

Appearsto be very similar to what goeson in
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Disadvantages of the L oG

than gradient edge
detectors.

o ZCscontinuity property often leadsto ZCs
that

e ZC contourstend to be
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Canny’'s Edge Detector

Attemptsto the :
Consider an ideal step-edge image: derivative ||
/ to edge

derivative L
. . . . loedge
Since V?is , itisequivaent to taking:
- A twice-derivative | to the edge. This
conveys the edge information.
- A twice-derivative to the edge. This conveys
In fact, If thereis In the Image, the twice-

derivative will give



Canny’s Algorithm

* Follows the following

(1) Form the Image:
K, 1) =G(, )*I(1,))

(2) Compute the magnitude and

orientation:

IVK(I, )| and £VK(l, |)

using discrete (differencing) approximatiorss



Canny’s Algorithm

(3) Let n be the unit vector in the direction £VK(i, j). Compute the
of K(i, J) inthedirection n:

82
—KI
- (1, )

that thiswill contain extraneous information.
(4) In the Image.

(5) These are identically the zero-crossings of: VK x V(VK x VK), which is
easier to implement.

nonlinear, so edge continuity However,

can improve performance.
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ANISOTROPIC DIFFUSION

* A powerful approach to both image denoising
and edge detection.

o Fact: Gaussian blur or smoothing is analogous to
physical (e.g., of heat).

 |nfact the gaussian function isasolution to a
PDE called the
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Concept of Anisotropic Diffusion

Let diffusion (smoothing of image pixels) occur where the local image
gradient magnitude is small.

where gradient magnitude is high.

Called since smoothing proceeds differently in different
directions.

Convolution with a Gaussian filter is atype of

Rationale;

- Smooth image without destroying image structure & detall

- Inhibit smoothing across edges (inter-region smoothing)

- Encourage smoothing within boundaries (edges) (intra-region

smoothing)
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The Diffusion Equation

Continuous Formulation - a system of partial
differential equations:

glt:div[cVI]
where | istheimage and c are the

and div isthe

The discrete formulation 1S much easier to

understand...
OF OF

Note: Recall div(F)=—+-——

oX oY
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Diffusion Equation: Discrete Form

e |terative approximation using
lea (1)) = It(i’j)+%[CN(i1j)VNIt(i1j)+CS(i1j)VS|t(i’j)
+Ce(i, Ve L (i, 1)+ ew (i, )V 1t )]
Vi (L)) =10, 1+1) - 10, ])
Vsli(h]) =101, 1-1) - 11, )

Ve l1(1,)) =10+1,)) - 10, ))
Vi [:0:1) =10-1,)) - 10, J)

where
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Diffusion Coefficients

» Selection of the diffusion coefficients ¢y, Cg, Cg,
Cy IS important.

e They control the inhibition of smoothing over
edges and encourage smoothing in non-edge
Image regions.

o At eachpixel I(l,]), diffusion proceedsin agiven
direction according to the diffusion coefficient
corresponding to that direction and that location.
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Diffusion Coefficients

e One popular form

. .2
Cd(i,j):eXp{_[vdll?’J)} } d=N,S E W

where k Is an edge threshold — as the gradient increases, ¢

rapdily falls.

» Propertiesof c(l, J):
- approaches 0 near edges —
- approaches 1 over smooth areas —
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Anisotropic Diffusion Exam
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Comments on Anisotropic Diffusion

* Really amethod of alternating edge
detection with

 Number of iterations controls degree of
smoothing (scale)

* Edge detection applied to the smoothed
Image can be gquite effective.
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Too much anisotropic diffusion
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Comments

 We will continue studying

... onward to
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