Image processing #3
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Contexts

« #1. Introduction and Examples
« #2. Basics of Matlab, Image Processing Toolbox
- #3. 3D input, Segmentation, Edge detection & Transformation




3D data input in Matlab

s 0
EEll = == =2
=] jr;_‘:x}fm =a - k = 7; ﬁ:_ﬂ _é
i g8=s « v 4 » WPC > BM » MATLAB » CTimage - )
« 1 4 pC A
# HZ 747
> clear all, close all s e
s | i St i ng= d i r I: 1 [::T i mage ,."ll " _i e 1 :| ; f:iig » i:; R{A)_rec_RS2_Tra R(A),rmsz,m R(A]J;;:J ﬁsz,na R(A)J;(j] RZSZJra R(A),rg;a RgSZJra R(A)j;(i) FiSZJra
w AP 11, 12F (image)
' — il ' . 11, 125 (image)
. . . . . 2axs SH B AE
= | == ITIr'EEI.d( [ : CT I Mmade b .-"'I ' | |5 t | I"IQ': 1 :' N EI.ITIE] :' ) B ERE S0 R(Alrec RS2 Tra  R(Alrec RS2.Tra  R(A)rec RS2.Tra  R(ALrec RS2.Tra  R(ALrec RS2.Tra  R(A) rec_RS2.Tra
i 0005 0006 0007 0008 0009 0010
»>> [nRows nCols nlyrs] = sizells); — @ uzas
nPix = nBows * nCols.
R(A)_rec_RS2_Tra  R(A)_rec_ RS2 Tra R(A)_rec RS2_Tra R(A)rec RS2 Tra R(A)_rec RS2 Tra  R(A)_rec_RS2_Tra
>> rES i Ze _ 494 , 0011 0012 0013 0014 0015 0016
95171 5 ;;;E
cRow = round(nRows/2) . s =[]
sBow = cRow-resize/Z)
cCol = round(nCols/2),

e SE SE.Neighborhood SE.Dimensionality LO L listing

sCol (3] 1x950 cell

>>» for k = 1:nFiles,;

cCol-resizel?.

1 2 3 4 5 6
| = imread(['CTimage’ '/' listing(k) name]); 1 [494x494 vints 4945494 i..| 494x494 ui.. 4945494 Ui 494%494 Ui 4945494 Ui
121k} = l{sRow:sRow+tresize-1,sCol!sCol+resize-1);

end

B = T (R N W R L




Segmentation #1

« Measuring the size of a lake

« Google Earth RGB image 5

=

N

|=imread( ' lake. jpg');
G=rgbZaray(l]};

> level=gravthresh(l)]
2> bw=imZbw( |, level);

> figure, imshow(bw)

A

Lake JPG Level = 0.3608 (Otsu’s method)

=z
=2
=
=2

g
>
==

cc=hwoonn
araindata
grain_are

(max_area

comp{1-bw,4);
= regionpropsicc, 'basic'):
as = [graindata.ireal;

. idxl=max{grain_areas)

grain = falsel(size(bw));

grainicc

figure,

FixelldxList{idx}) = true;

imshow( 1-arain) titlel ' largest grain')

Max_area = 41190

largest grain




Segmentation #1

« Measuring the size of a lake

« Different size depending different value of threshold

Level = 0.1 Level = 0.2 Level = 0.3608 (threshold fn.) Level = 0.6 Level = 0.8
Max_area = 11921 Max_area = 33118 Max_area = 41190 Max_area = 156086 Max_area = 187979
largest grain largest grain largest grain Irgt gain — SHES grin

¥




Segmentation #1

 (Classifying minerals in thin section

> clear all: close all

> |=imread( ' thin.jpa');
____________ |
1

= nCoIors=3j’

»> [ind mapl=rgbZind(|, nColors, 'nodither'); : L. ,
. . . ¢« Original image
*» figure, imshow(ind, map) 37 Vil T T

nColors=3 nColors=8




P cColors colors
Segmentation #1
1 2 3 4
1| 50 43 33
2 255 112 132
« Classifying minerals in thin section 3 249 65 119
. - 4 153 110 0
« Selecting N colors by N mouse clinks (hand) 5 197 103 29
6 226 59 147
T 226 83 17
>> figure, imshow( 1) g o Py 230
*» colors=impixel; save colors) 9 112 105 61
>> nColors=sizel(calors, 1)) 10 55s 255 753
>> [ind map] = rgb2ind(|, colors/256, 'nodither'); 1 114 115 a3
>> figure, imshow(ind, map);

4 Figure 1 - | X
oYE HEE E7I(v 4UC €0 HA3EC W ES2H 1

Dede @ 08 x[E

Original image
S0 VAN T

Right click after selecting N colors




Segmentation #2 (Filtering)

> l')ln‘l:I_bNi
« Filtering (basic threshold) >> ce=buconnconp(bu. 4)

>> graindata = regionpropsicec, "ba

*» grain_areas = [graindata.Area)]:;

) >> [max_area, idx<]=max(grain_areas)
>» clear all; close ; > level = 4/296;
- : - e [ ¢ c - . >>» grain=false(size(bw)).
>>» |=imread( ke pa'); >> [ind map]l=rgb2ind(l, 5, lither'); >> bw = im2bw( |, level) . (i

. , . . . . . . *> grain{cc.Pizel ldxList{idz}t) = true;
> figure, imshowil) >> figure, imshow!(ind, map) > N

- f.' L= -| ho .h
. . et Imshowibw) *> figure, imshow(l-grain)

8718 pixels

“" Original imag
Tgit” VP 2




° 1 colors Ir I ind map bw h
Segmentation #2 |-
1 2 3 4 5 6
1 00400 00400 00400 00400
2 0.0400 0.0400 0.0400 0.0400 0.0400 25 bw=]=bw:
3 0.0400 0.0400 0.0400 0.0400 0.0400 )
o Fnlt . (t k. ) 4 0.0400 0.0400 0.0400 0.0400 0.0400 > cc=|:-wl::|:l|‘|l‘||:-:|mp|\|':.w,f|:|,
Itering (taking average 5| 00400 00400 00400 00400 00400 >> graindata = regionprops(cc, 'basic
6 - - L
»>> grain_areas = [graindata.Area);
>> [max_area, idx]=max(grain_areas)
= o . T . . *»>» n=h; . . 3
clear alli close all; r : *» level = 4/296; > grain=false(size(bw)),
. = . ala? Tme Y >>» h=ones(n.n)/(n*n); ) . . . , . ,
e ) |—||T|r'EIl:'llj|: F [T I | f | I,.l h % bW = |m2b'ﬁ'|:|.|e-"'~"e|.:|- b gra|n(|:.:_|:'|;“_:.||d;¢|_|3t{|dg}:| = true_
. ; = l=imfilter(l, h); . . .
>> figure, imshow(|) . _ s> fiaure, [mehowlbw) »>» figure, imshow(1-grain)
>> figure, imshow(|)} : :

o asrep oo

7611 pixels




Segmentation #2 (Filtering)

s >>» L=E<0.8; : = >>» L=E<1;
- Filtering (Entropy filtering) S N
»» co=bwconncompl(l, 4], »> co=bwconncompl( L, 4],
L R >> graindata=regionprops(cc, 'basic') >> graindata=regionprops{cc, 'basic');
7 [reems mosoditrueliBize >> ' [graindata.Areal:  >> grain_areas=[araindata. Area];
= 11 - ; P A& grain_areas=laraindata. areal . - difi_areas= 1n d. d s
clear alli closs all; »> G=rgb2gray(|); g =T ' .
>» |=imread( ' lake2. jpg’). _ >> max(grain_areas) >> max(grain_areas)
_ _ >> E=entropyfilt(G,ngood); . )
>>» figure, imshow(|) > figure. imagesc(E) >> imshow(1-L) > imshow(1-L)
3474 pixels 4628 pixels

-

i - e,
Original image F&
" = o -

| W




Segmentation #2 (Filtering)

« Filtering (Entropy filtering)

clear close *» fhize=3, nhood=true(fSize);

l_. -aadl . 1 : a ) | =Fq:

T » E=entropyfi I t(G,.nhood) .

G=rgh2gray(|); s £1 - >> figure, imshow(L)
* fiaure, imagesc(E)

§ \ — - .
;‘;_‘ / :p*‘ \{*\( - i ‘ "‘:..f 8 ' é 200 L
g ( g“.-. l!‘p ,;J - ] Ly n 9 [ &
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_
(
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600 F Index 1.735 | | i |
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Segmentation #2 (Filtering)

« Entropy Filter + Gray threshold + Closing (removing)

»> L=E<3.5. »>» L2=bwareaocpen(lL. 200); »> L3=bwareacpen(1-L2., 500)

>> figure, imshow(Ll) >> figure, imshow(L2) >> figure, imshow(1-L3)




Segmentation #2 (Filtering)

« Entropy Filter + Gray threshold + Closing (removing)

A2 lae=la

>2> L3=hbwareaocpen(1-LZ. 200) =» G201 3==01=0:

>> figure, imshow(1-L3) >> figure, imshow(Gd)




Segmentation #2 (Filtering)

« Entropy, Standard Deviation Filter, Gradients

*» clear all: close all;
*> |=imread(’ lake?.jipg"');

>> figure, imshow(|)

Original

>» fSize = 3; nHood = true(fSize):

*> G=ragblaray(|);

»>> E=entropyfi |t(G,nHood)
>> figure, imagesc(E), colorbar

Entropy

»» El=rangefi|t{G,nHood) ;
*>» figure, imagesc(El), colorbar

Range Filter

»>» E2=stdfilt{G,nHood);
>> figure, imagesc(EZ2), colorbar

Standard Deviation Filtg

»>» [Gx Gy] = gradient(double(G));
>> Gr = sqrt(Gx. "2 + Gy."2);
»» figure: imshow(Gr).

*» figure! imagesc(Gr), colorbar

Gradients




Segmentation #3 (Morphological operations)

- Matlab likes to operate on objects

rom
« Example of Closing
' A
n=9: h=onesin.n)/{n*n)
I=imfilter(l hl.
|ear |ose

23 |=imread PR figure, imshowl|)

- =limread EE I ! 3w SF=c el | ! )
leve | =4/256 3 »» SE=strel('d 100
bw=imZbwl |, level) - hf=|_hﬂl. >> L1=imclose(bw, SE);

>> fiaure, imshow(bw) *> figure, jmshow(L1)

figure, imshow(bw)




Segmentation #3 (Morphological operations)

« Morphological operations (Image Erosion, Image Dilation, Image Opening, Image Closing)

| B
| = : %
T | 4 y. v
Structural f ~— ! i ’ . .
Element I o — £ (X}
e B
', b

- Does B “fit" in the set X?

- Retain all points (i) in X such that when B is centered at (i), B is
contained in X

- Mathematically:

e5(X)={X|By = X|

- In Matlab: imerode(Img,Elt)




Segmentation #3 (Morphological operations)

« Morphological operations (Image Erosion, Image Dilation, Image Opening, Image Closing)

r | B
g . - Ay
.___" ..‘I L Ll . =,
h- -‘ .--_H- = ; _-".-. 1 .l-.ll.ll '|II
Structural f - i) ," J
Element |II y = : 4
o @A ! ' Ugl )

- Does B “touch” in the set X?
- Add to X all points (i,j) in B such that when B is centered at (i), B
is overlapping with X

- Mathematically:
Ss(X)=[JX_b

beB

- In Matlab: imdilate(Img,Elt)



Segmentation #3 (Morphological operations)

« Morphological operations (Image Erosion, Image Dilation, Image Opening, Image Closing)

room o O

e a T
Structural
Element

X ]'h-;}..}

- Does B “fit" in the set X?

- Like with erosion, retain all points (ij) in X such that when B is
centered at (i,j), B is contained in X

- When the previous is true, also keep all of B

- Mathematically:

yB(X):U{BX‘BX gX}

- In Matlab: imopen (Img,Elt)




Segmentation #3 (Morphological operations)

« Morphological operations (Image Erosion, Image Dilation, Image Opening, Image Closing)

Structural
Element

x L . . % |-:.'|__3|::""|_:'

- Does B “fit” in the backround of the set X?

- When the previous is true, all of B belongs to the background
- The complement of the new background define X

- Mathematically: c

ds(X) =| | J{Bx|By = X°}
X
- In Matlab: imclose(Img,Elt)




Segmentation #4 (Mean & Covariance) :

« Compute the mean and the covariance matrix

« Then similarity implies being with a weighted distance

« The pixels that are within an ellipsoid centered at the mean color are similar

| | myrean x| 1135.9 1072.1 3802
; - » Sradde —— +|1072.1 1031.7 364.7
1| 4371371 691717 743852 3802 3647 3336

Mean Covariance Matrix
N . . _ [cov(A,A) cov(A,B)
Covariance:  cov(A, B'——IZ Ai—uA)*(Bi—up) ~ Covariance Matrix: C = (L‘{mﬂ. A) covl B.B:)
15 m |
_|;I||pil .ﬂi'
Variance: V= v‘ IZ A; — |2 Average: K= ﬁ.l ZI




)W

Segmentation #4 (Mean & Covariance)

« Mahalanobis distance > ¢

v Mahalanobis Distance

The Mahalanobis distance is a measure between a sample point and a distribution.

The Mahalanobis distance from a vector y to a distribution with mean x and covariance X is

-1 .
d=\(y-w>_ (y—n). 1

Mahalanobis Distance

This distance represents how far y is from the mean in number of standard deviations. 4l

mahal returns the squared Mahalanobis distance 4> from an observation in Y to the reference samples in
X. In the mahal function, 4 and X are the sample mean and covariance of the reference samples,
respectively.

(From Matlab Help)



Segmentation #4 (Mean & Covariance)

« Compute Forest area in the Photo

* Input & Smoothening

smoothed RGB image

RGB image naip1.jpg

clear all: close all;

imName = 'naipl.ipg’';
imread( imName) ;

rab |l mg

[nRows nCols nlyrs] = size(rgblmg):
nPix = nRows * nCols.
figure; imshow(rgblimg);: title(['RGE image ' imName]):

o

E=mooth

filtSize = 10, %set filter size

myFilt = ones(filtSize) ./ filtSize 2,
smoothimg = imfilter(rablmg, myFilt);

figure; imshow(smoothlmg), titlel 'smoothed BGE image');




Segmentation #4 (Mean & Covariance)

Mask

- Use roipoly() for selecting Region of Interest (ROI) &%

.J_"F

roiMask = roipoly(rablima),

figure;, imshowliroiMask), titlel "Mask').

Color sample

red=immultiply{roiMask,. smoothlmal:,:.1));
areen=immultiplyviroiMask, smoothlimal(:.:,2)).
blue=immultiply(roiMask, smoothlimg(:,:,3));
roilmg = cat(3, red, green, blue);

figure; imshow(roilmg); titlel I mele' ),




Segmentation #4 (Mean & Covariance)

« Compute Mahalanobis distance for all pixels

SCOMPUT
imgP ix
roiPix
roildx
roiFix

myMean

=1
-

mean patch co

doub le( reshape(smoothlimg, nPix, 3)).
doub le( reshape(roilmg, nPix, 3));

find{roiMask);
roiPix(roildx,

mean{roiPix);

wr and std

1:3);

myStd = max(std(roiPix)):

fcompute

mahDist

myDist = reshape({mahDist. nRows., nCols);

figure;: imagescimyDist).
title( "'Mahalanobis distance from region co
colorbar

impixel info

Mahalanobis dis

t.

mahal(imgPix. roiPix).

Mahalanobis distance from regi, /= <= @

— 1800
100 11600

200 1 1400

300 1 1200

400 1000

500 800

i 400

800 200

900

100 200 300 400 500 600 700 800 900
M (224, 416) 115




Segmentation #4 (Mean & Covariance)

RGB image naip1.jpg

Segmented forest

« Segmentation & Histogram

¥segmentation
kThresh = 1;
myseagm = falselnRows, nCols).

mySeam(myDist <= kThresh = myStd) = true:

lr=rgblmg(:.:.1);
lg=rgblmgl(:,: .23
Ib=rablmal:,:.3);

| r{mySegm==1) = 255;
Ib{mySegm==1) = 0;
lg{mySegm==1) = 0;

Forest percentage

l=cat(3.,Ir.lg.Ib):; 1
figure: imshow(|):title( 'Segmented forest')

Ehistogram

myCount=sum(mySeam(:));

myDistr = [myCount nPix-myCount] ./ nPixi
figure; bar(myDistr);

axis([0.5 2.5 0 11);

set{gea, 'XKTickLabkel', {'Forest', 'Other'}),;
title('Forest percentage');




Edge Detection #1

« Watershed Transformation

Distance transform of ~bw

Stream
watershed

Watershed transform of D




Edge Detection #1

« Watershed Transformation

>» L=watershed(G),;

*> clear all: close all, =x GA=0G
> |=imread( dune.ipg'); *» G=rgbZarav(|); >x GZ2(L==0)=255,
> figure, imshow(|) > figure: imshow(G) > figure;, imshow(G2)
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“}1‘-.‘1 '.: ll

[ 33
2 ‘ ‘. PR
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Edge Detection #1

- Smoothed + Watershed Transformation

> L=watershed(Sm)

= L0=(L==0);

Fr lad=om;

> G2(L0)=2585;

*» figure, imshow(GZ);

> fiize = B
>>» h=onezs(fSize,fSizel/fSize 7,
Sm=imfilter(G, hy;

figure; imshow(Sm)

hmab"d'-
Asjete
RS

RSN

‘t
1&‘51.,‘
O

{7
it o
AN BLS MR
SRR

Fx
e
FF
ey
Fx
e

l2=10:, 0,20 12(L0)=0;
[T=1C:, 0,105 11 (L0)=0;
l2=1C:, 0,20 120L0)=0;
|3=1C:,:,3): 13(L0J=0;
| I=cat(3, 11,12,13);

figure, imshow(|])



Edge Detection #1

« Median Filter + Watershed Transformation

PxolT=100, 0, 10 11 (L0y=0;
=xolg=100, 0,205 120L0)=0;

>> L=watershed{Sm);
*>» L0 = (L==0);

'

7> fSize = 6 N >> 13=1(:,1,3); 13(L0Y=0;
>» SmEmedfi 120G, [fSize fSize] ) - o -

>> figure; imshow(Sm) »» G2CL0) = 255, .

*» figure: imshow(GZ2)

R

| I=cat(3, [1,12,13);

figure;, imshow(|])




Edge Detection #1

- Regional Extended Minima + Watershed Transformation

5> L2 =
=» L0 = (L2==0)
> [G3=mm.
>> thresh=d: | >> (2= imimposemin(G, Imin); >> G3(L0)=255
>z Imin=imextendedmin(sSm, thresh); .
*>> figure, imshow(GZ2) *> figure; imshow{G3)

= figure; imshow( Imind

Qatershed(GZJJ

S
>
=

'

=

'

S

[T=1C, 0, 1) 1TiL0)=0;
l2=10, 0, 2)5 120L0)=0;
13=1C:.:,3); 130L0)=0;
| I=cat(3.11,12,13);

figure: imshowl|])



Edge Detection #2

1. Canny -> Dilation -> Skeletonization

. Bottom-hat -> Distance -> Watershed

2
3. gPb -> Distance -> Watershed
4. gPb -> OWT -> UCM

Mathematical Geology, Vol. 37, No. I, January 2005 (@ 2005)
DOI: 10.1007/s1 1004-005-8745-x

Automated Sizing of Coarse-Grained Sediments:
Image-Processing Procedures!

David J. Graham,? Ian Reid,> and Stephen P. Rice?

This is the first in a pair of papers in which we present image-processing-based procedures for the
measurement of fluvial gravels. The spatial and temporal resolution of surface grain-size characteri-
zation is constrained by the time-consuming and costly nature of traditional measurement rechnigues.
Several groups have developed image-processing-based procedures, but none have demonstrated the
transferability of these technigques between sites with different lithological, clast form and textural
characteristics. Here we focus on image-processing procedures for identifving and measuring image
objects (i.e. grains); the second paper examines the application of such procedures to the measurement
of fluvially deposited gravels. Four image-segmentation procedures are developed, each having several
internal parameters, giving a total of 416 permutations. These are executed on 39 images from three
field sites at which the clasts have contrasting physical properties. The performance of each procedure
is evaluated against a sample of manually digitized grains in the same images, by comparing three
derived statistics. The results demonstrate that it is relatively straightforward to develop procedures
thar satisfactorily identify objects in any single image or a set of images with similar sedimentary
characteristics. However, the optimal procedure is that which gives consistently good results across
sites with dissimilar sedimentary characteristics. We show thar neighborhood-based operations are
the most powerful, and a morphological bottom-hat transform with a double threshold is optimal.
It is demonstrated that its performance approaches that of the procedures giving the best results
for individual sites. Overall, it our-performs previously published, or improvements to previously
published, methods.

KEY WORDS: grain-size analysis, mathematical morphology, segmentation, bottom-hat transform,
rivers, Huwvial.




Edge Detection #2

1.

Canny -> Dilation -> Skeletonization

Greyscale
Image

|

Apply median filter

v

Edge detection

*

Apply
morphological
dilation with disc
structuring element

v

Skeletonise

v

Prune spurs

v

Segmented
Image

> |=imread( 'pebbles png');
> imshow( |}

»» G=ragbZarav({|);fiaure;
*x imshow(G)

= fhize=T,

»x S=medfi 120G, [fSize fSizel);

** figure;

imshow(=);




Edge Detection #2

1.

Canny -> Dilation -> Skeletonization

Greyscale
Image

|

Apply median filter

'

Edge detection

*

Apply
morphological
dilation with disc
structuring element

v

Skeletonise

v

Prune spurs

v

Segmented
Image

>> Ed=edae(S, 'canny'):

> Tigure:

imshow(EZ2)

=
>

o

radius=h,
h=strel( 'disk', radius).
EZ=imdilate(EZ h);
fiagure: imshow(E3)

> Ed=hwmorph(E3,

‘skel', Inf).

>> figure, imshow(E4)




Edge Detection #2

1. Canny -> Dilation -> Skeletonization

>> Eb=bwmorph(E4, 'shrink', Infl: N

Greyscale > =100, 135 11(E8==1)=255;
Image »> EB=bwmorph(ES, 'spur',Inf); s> 12=1(: .1 2); 12(EB==1)=0,
4 =» ET=bwmorph(EE, 'clearn', Inf); s> 13=1(: ;. 3); 13(EB==1)=055:
Apply median filter >> ET=bumorph(EG, 'clean’, Inf); >> |l=cat(3, 11, 12, 13);
‘ »» EB=bwmorph(ET, "diag’, Inf); >> figure; imshow(|l)
»» fiagure; imshow(ER) .

Edge detection

*

Apply
morphological
dilation with disc
structuring element

v

Skeletonise

v

Prune spurs

v

Segmented
Image




Edge Detection #2

1. Canny -> Dilation -> Skeletonization

Greyscale
Image

|

Apply median filter

> C=imcomp lement (EB);

t >> [L numCCl=bwlabel (C);
Edge detection >> map=rand(numCC, 3);
l *» transp=0.5;
=> mask=zerosi(sizell))+transp;
Apply , - |
morphological > figure; imshow(|);
dilation with disc > hold on
structuring element .
T *> h=imshow(L,map);
*» get(h, "Alphalata', mask);
Skeletonise
*>* hold off

v

Prune spurs

v

Segmented
Image




Edge Detection #2

2. Bottom-hat -> Distance -> Watershed

Greyscale
Image
Apply median filter
clear all: close all;
‘ |=imread( 'pebbles . png' ),
Apply . .
morphological imshowl( 1)
bottom-hat G=rabZarav(|);
transform . o .
threshold 1 threshold 2 fSize = T;
value — Calculate . value | | |
complement T S=medf i lt2(G, [fSize fSizel).
‘ figure: imshow(S);
Threshold =P Feature AND e Th"?ShO'd
with 1 ¥ with 2
Apply watershed

segmentation
(with minima
suppression)

v

Segmented
Image




Edge Detection #2

2. Bottom-hat -> Distance -> Watershed

Greyscale
Image

v

Apply median filter

|| bh_radius = 5;
Apply SE = strel('disk' ,bh_radius).
morphological 52 = imbothat(S, SE);
bottom-hat
transform figure, imshow(imadjust(S2)),
Calculate 4 Calculate BH=imsubtract(S,527,
threshold 1 threshold 2
value - Calculate —p!  value fiaure, imshow(BH);
complement

v ¥

Threshold p=—p Feature AND e=—{ Threshold
with 1 with 2

y
Apply watershed
segmentation
(with minima
suppression)

v

Segmented
Image




Edge Detection #2

2. Bottom-hat -> Distance -> Watershed

Greyscale | 1=BH;
Image low_thresh = 3
‘ [counts, intensity] = imhist{I1};
Apply median filter cumcounts = cumsum(counts);
‘ cumpercent = ..
Apply cumcounts/max{cumcounts)*100;
morphological cuml = cumpercent(1:end-1);
bottom-hat cum? = cumpercent(?:end);
transform if cumpercent(1) > low_thresh
Calculate * Calculate . B .
threshold 1 o threshold 2 lowindex = 1.
value o Calculate —p value else
complement
‘ ‘ lowindex = find{cuml<=low_thresh & ...
2 = | th bl
Threshold = Feature AND 4= Threshold cHm ou_thresh)
with 1 ¥ with 2 end
LB = (Il <= int ity lowind ;
Apply watershed ( intens ity lowindex))

segmentation fiagure; imshow(LB);

(with minima
suppression)

v

Segmented
Image




Edge Detection #2

2. Bottom-hat -> Distance -> Watershed

Greyscale
Image

v

Apply median filter

v

Apply
morphological
bottom-hat
transform
Calculate 2 Calculate
threshold 1 threshold 2
value — Calculate o value
‘ complement ‘
Threshold =]  Feature AND  |«={ Threshold
with 1 ¥ with 2
Apply watershed

segmentation
(with minima

suppression)

v

Segmented
Image

high_thresh = 35
if cumpercenti1) > high_thresh
highindex = 1.

else

Curnulative intensity percentage

0 50 100 150 200 250 300

highindex = find({cuml <= high_thresh & .. .

cum? >* high_thresh);

end
HE={I| <= intensitv(highindex));
figure, imshow(HB)




Edge Detection #2

2. Bottom-hat -> Distance -> Watershed

Greyscale
Image

v

Apply median filter

v

Apply
morphological
bottom-hat
transform
Calculate 2 Calculate
threshold 1 Caleul threshold 2
value G alculate value
‘ complement ‘
Threshold =P Feature AND Thr?5h0|d
with 1 ¥ with 2
Apply watershed

segmentation
(with minima
suppression)

v

Segmented
Image

[indl., indJ] = find(LE > 0},
E=bwselect(HE, indl, indJ, B);
figure, imshow(E);

DT = bwdist(E);
DTZ2 = -DT + max(DT(:));

hm_thresh = 2
OT3 = imhmin(DT2, hm_thresh);
figure, imagesc(DT3);

100

2001

300 |

400

500 |

600 |

700

800 |

100 200 300 400 500 600 700 800 900



Edge Detection #2

2. Bottom-hat -> Distance -> Watershed

Greyscale
Image

v

Apply median filter

v

Apply
morphological
bottom-hat
transform
Calculate 2 Calculate
threshold 1 lcul threshold 2
value e Calculate value
‘ complement ‘
Threshold = Feature AND Threshold
with 1 ¥ with 2
Apply watershed

segmentation
(with minima

suppression)

Y

Segmented
Image

L=watershed(DT3);

LO = (L==0};

Gd = [

GZ2CLOY = 255;

figure; imshow(GZ2);
[1=1C, 0,1 [1(L0)=255;
[ 2=1C, 0,200 120L0)=0;
|3=10(:,:,3); [3(L0)=255,;
| l=cat(3,11,12,13),
figure; imshow(|l]




Edge Detection #2

2. Bottom-hat -> Distance -> Watershed

Greyscale
Image

v

Apply median filter

& map=rand{max(L{:)), 3);
Apply P
morphological transp=0.3;
bottom-hat mazk=zeros{zizell))+transzp;
transform figure, imshow(|};
Calculate 2 Calculate
threshold 1 Calcul threshold 2 hold on
value - alculate —p> value h=imzhow(L,map)
complement
‘ ‘ set(h, 'AlphaData ', mask);
Threshold =i Feature AND e Th"?ShO'd hold of f
with 1 ¥ with 2
Apply watershed

segmentation
(with minima
suppression)

v

Segmented
Image




Edge Detection #2

1. Canny -> Dilation -> Skeletonization 2. Bottom-hat -> Distance -> Watershed
Greyscale
Greyscale [ In}lfage ]
Image ‘

|

Apply median filter

Apply median filter

¢

t Apply
morphological
Edge detection bottom-hat
transform
l ¥ Calculate
threshold 2
Apply Calculate - value

morphological complement

dilation with disc
structuring element

]

Feature AND 4—{ Threshold

v

with 2
¥

Apply watershed
segmentation

Skeletonise

(with minima

v

suppression)

Prune spurs

r )
‘ Segmented ]
Segmented Image

Image




Edge Detection #2

3. gPb -> Distance -> Watershed 4. gPb -> OWT -> UCM

Color Image

v

Do edge detection:

Color Image

v

gPb gPb
v
t OWT-UCM

Threshold gPb

v

Extract UCM
regions

v

Threshold UCM

v

Distance Transform

v

Impose Minima
Watershed Segmented
‘ Image

Segmented
Image




Transformation

- FT is a particular type of integral transform that enables us to view
imaging and image processing from an alternative viewpoint by
transforming the problem to another space.

Fourier Transform

- We are usually concerning with 2-D spatial distributions of intensity or
color which exist in real space (i.e., 2-D Cartesian space in which the axes
define units of length)

Wavelet Transform

Hough Transform : : :
19 - The FT operates on such a function to produce an entirely equivalent

form which lies in an abstract space called frequency space.

Easy solution
>
A

Integral Inverse
Transform Transform

¥
- - -
-




Transformation (Fourier Transform)

Harmonic content of signals. Any signal can be expressed as a weighted linear combination of harmonic
(i.e., sine and cosine) functions having different periods or frequencies. These are called the (spatial)
frequency components of the signal.

Time series

V(t) = ia”cm(brm) anﬂm ({jm)

n=1

4]
= E Ay COS(@yt) E by, sin(wyt)

ES =1

Note: n-> infinite for exact reproducibility

Fourier basis functions sin(k,x) cos(k,x)

Spatial series

Vix) = Za”cm (anx) Zbﬂﬂm(brnx)

1= =1

—Za”cm(kﬂx} Zb”un{knx)

=l =1

Spatial frequency k, = 2nn/ i

Fourier or frequency spectrum {a, and b,}



.

. . Vix) = Za”am{k”x} +ibf,ain(k”x)
Transformation (Fourier Transform) =

sin(kpx) = sin(2mnx/A)

Fourier representation of a signal as a weighted combination
of harmonic functions of different frequencies, the assigned
weights constitute the Fourier spectrum. It is a complete and

. . . ) . Synthesis of step function
valid, alternative representation of the signal. LG oIt anrios

Function

The space domain and the Fourier domain are reciprocal.
Harmonic terms with high frequencies (short periods) are
needed to construct small-scale (i.e. sharp or rapid) changes in
the signal.

Conversely, smooth features in the signal can be represented
by harmonic terms with low frequencies (long periods). The
two domains are thus reciprocal. 4 terms 10 terms

1 term 2 terms

Fourier series expansion and Fourier transform

The difference is that the Fourier series breaks down a
periodic signal into harmonic functions of discrete frequencies.
Whereas, the Fourier transform breaks down a nonperiodic
signal into harmonic functions of continuously varying :
frequencies. |

<1 30 terms Fourler Spectrum
n=1-30



Transformation (Fourier Transform)

Calculation of the Fourier spectrum {a, and b,}

Harmonic function form Complex exponential form
Tu) .
= 2mnx 2mhnx [ 12mnx
Vix) = Za” cm( Zbﬂﬂm flx) = Z Cp €XP p
n=>0 n=1 H= 0O
» )
= ZH” cos(k,x) + Zb”%l[] k,x) — Z Cy e};p(iknx}
n=I0 n=I H= 0
o B i /2 ;"2
2 " ‘ l :
n =~ jhf(X}Cm(knx} dx Cn =~ J f(x)exp(ik,x) dx
| - A/2
3 .-"I,-"IE I
b, = — f(x)sin(k,x) dx
Ad 42 where ¢ = ay + 1by

where k,, = 2nn/ 4.



Transformation (Fourier Transform)

Fourier transform of f(x): Inverse Fourier transform:
F(k.) = ji [ f(x)exp(—ik.x) dx flx) = [ F(ky)exp(ikex) dk,
2m ,
5 TR

Specific weight (contribution) assigned to the harmonic (complex

exponential) functions are given by the function F(ky)

Fourier transform

F(ke) = |F(ky)|expie(ky)
where gk )2 = [Re{F(k )} + [Im{F(k)}*  o(k.) = tan ][

lm{f’[kx}}]
Re{F(k.)}



Transformation (Fourier Transform)

Fourier method in Image processing

(1) Images are not, in general, periodic functions

(2) Images are typically 2-D spatial functions of finite support

2V %

5/ /// /,,

/

:ﬁ [ [} ftﬁ E'hp Zﬂ'l ft-?C‘Fﬁ ]'] df df;’

2-D Fourier transform

|
V’Zi'r

F(fofy) = T fo.lfﬂp —27i( fex +fyy)| dx dy

(Images from Fundamentals of Digital Image Processing,

Solomon and Breckon 2010)



Transformation (Fourier Transform)

Space domain Frequency domain
Fourier method in Image processing - L
Fourier transform :
%0 oo . =t r
F(fufy) = [ [f x, y)exp[—2mi( fx +fyy)] dx dy \ = Inverse i | g
Vf 2 Fourier transform 1 x
o0 o0 QJ ‘—]‘ - » /
Gives the intensity of Gives the contribution
i the image at that point UL I image

[} ?I:-.
-

: J-\‘J | ll

Frequency domain Original image FT of image Original image FT of image




Transformation (Fourier Transform)

Discrete Fourier Transform (DFT)

m=1
For M x N matrix, forward and inverse Fourier . 2

-m:'.!
=0l |".' v I“ ' In /'
transform can be: = / 8 /

AM—1 N—1
fru yv . : \
F{“? '”) - E E f{Iey}QK]} I:_Z'JT?- (E + J—)] . =1 I. ;w\

r—0 y=0

M—-1N-=1
LN U yv
flz,y) = f'liL Z Z F(u,v)exp !2?? (M_ )]

u—0 v=0



Transformation (Fourier Transform)

Discrete Fourier Transform (DFT)

For M x N matrix, forward and inverse Fourier A2 A
transform can be: y 0 1 2 M- v 01 2 o M1
0 0
| |
= Tu o Yv 2 2
Flu,v) = Z Z flz, y)exp [—‘ ( + )]
r—=0 y=0 M Ii‘.‘n I_"u
M—1N—1 yo \ \
X AU
fle,y) = ww ;} ;}F u, v) exp !2’1’3(1{ )] | — ; —
N-1 N-1

Sampling intervals related by Au =

(Images from Fundamentals of Digital Image Processing,
Solomon and Breckon 2010)



Transformation (Fourier Transform)

Discrete Fourier Transform (DFT)

M—1 N—1

- Y ¥ f= y)cxp[ 2"'{3(12: ’””)].

r—0 y=0




Transformation (Fourier Transform)

Discrete Fourier Transform (DFT)

0
Frequency domain Original image FT of image
(modulus)
ke |
] v
| ne
k‘l
N-1

Frequency domain Filtered image Frequency domain Filtered image

filter filter

£ B
He Bi

(Images from Fundamentals of Digital Image Processing,
Solomon and Breckon 2010)

[~

U —

-M/2 ... 0
-N/2 I
|
‘ |
W |
|
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0 |
f— B
| r
|
N/2-1 l
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Examples

/el
" .: "// U“
Y,

/71 //
/
FJ

/s

/ v / y":
// ,/ . / / f’:/ 7
T

DFT of Image

Image with periodic Noise

7 o™ B
Result after notch filter
Notch Filter applied then inverted

Images from




Transformation (Fourier Transform)

Examples

#7 Fourier Transformation of TEM image * * *

01

I(q) [nm]

0.01

0.007

1E-4

Lattice images of nanocrystalline regions in
C-S-H in OPC specimen 28 d old

| = i(g) [nm])

EE I~y

0.01

q [1/nm]

v
01



Transformation

.

many balls

one ball,jpg

Ipg

clear all:

close all;

)

many balls.ipg

l=imread(

imshow( |);

figure,

rabZarav(|);

xd

imshow(xa)
ffLe(xa,

figure,

A

10007 ;

1000,

(abs(KG)),

A=

imshow( KGM=0 000050 ;
AGMS = fftshift{XGM);

fiaure,

ey
L
—
L
L
L
o
=
L
=
L
=t
o
=
o
-
L
=

figure,



