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3. Split and Merge

* Mengggunakan algoritma
divide and conquer

e Citra dibagi (split) menjadi
sejumlah region yang disjoint

* Gabung (merge) region-region
bertetangga yang homogen
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Algoritma Split & Merge

Given an image f and a predicate Q, the basic algorithm is:

1.
2.

Ry =f

Subdivision in quadrants of each region R; for which

Q(R;) = FALSE.

If Q(R;) = TRUE for every regions, merge those adjacent
regions R; and R; such that Q(R; U R;) = TRUE; otherwise,
repeat step 2.

Repeat the step 3 until no merging is possible.

Sumber: Image segmentation
Stefano Ferrari

Universit'a degli Studi di Milano
stefano.ferrari@unimi.it



U E B
K

||
9
i
||




Sumber: Image Segmentation, by Dr. Rajeev Srivastava



Segmentation steps: Original image (a),
feature description image (b), image
after the splitting process (c), image after
the merging process (d), elimination of
small regions (e), and the resulting
segmentation classes obtained after the
region growing procedure (f).

Sumber: Integral split-and-merge methodology for
real-time image segmentation
By Fernando E. Correa-Tome, Raul E. Sanchez-Yanez

(e)




Example results: the
input image (a), the
SD image (b), the
segmentation of the
SD image using ISM
(c), and a human-
made reference
segmentation (d).

Sumber: Integral split-and-merge methodology for real-time image segmentation
By Fernando E. Correa-Tome, Raul E. Sanchez-Yanez



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

4. Clustering

Prinsip clustering secara umum
* Misalkan terdapat N buabh titik data (terokan, vektor fitur, dll), x;, x,, ..., Xy

» Kelompokkan (cluster) titik-titik yang mirip dalam kelompok yang sama

horror movies

sci-fi movies

documentaries



Bagaimana kaitan clustering pada segmentasi citra?

e Nyatakan citra sebagai vektor fitur xg,...,x,
e Sebagai contoh, setiap pixel dapat dinyatakan sebagai vektor:
e Intensitas 2 menghasilkan vektor dimensi satu
e Warna =2 menghasilkan vektor berdimensi tiga (R, G, B)
e Warna + koordinat, 2 menghasilkan vektor berdimensi lima

e Kelompokkan vektor-vektor fitur ke dalam k kluster

Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation



citra input Vektor fitur untuk clustering

9 7 8 berdasarkan warna
4 3 6
e 1 8 [942] [731] [86 8]
: 2 I ’ 7 8 372
8 2 4 585 7
o 2| 7 824 [585] [372
9 2 1 [945] [293] [14A4]
4 9 4
5 3 4

RGB (or YUV) space clustering

Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation
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Vektor fitur untuk clustering
citra input berdasarkan warna dan

9 7 8 koordinat pixel
2 1 8 94200/ [73101] [86 80 2]

2 8 7 82410 [58511] [37212]

9 2 1 94520/ [29321] [14422]

RGBXY (or YUVXY) space clustering

Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation
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K-Means Clustering

* K-means clustering merupakan algoritma clustering yang paling populer

e Asumsikan jumlah cluster adalah k
e Mengoptimalkan (secara hampiran) fungsi objektif berikut untuk variabel D. dan p;

k Q
E, = SSE =
i=1 xelD

sum of squared errors dari kluster dengan pusat .

D2
L+ \/
SSE =>é 7< D

D;

Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation



SSE:>%+7<’+>/\ ssE= ©* \‘4

Good (tight) clustering Bad (loose) clustering
smaller value of SSE larger value of SSE

Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentatioln4



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Algoritma K-means Clustering

e |[nitialization step o (o) o
1. pick k cluster centers randomly O (o)
Oo o

c>C)
o
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Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Algoritma K-means Clustering

e |[nitialization step o (o) ®
1. pick k cluster centers randomly O (o)
Oo o

..
o

16



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Algoritma K-means Clustering

e I|nitialization step
1. pick k cluster centers randomly
2. assign each sample to closest center

17



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Algoritma K-means Clustering

e I|nitialization step
1. pick k cluster centers randomly
2. assign each sample to closest center

18



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Algoritma K-means Clustering

e I|nitialization step
1. pick k cluster centers randomly
2. assign each sample to closest center

e |[teration steps
- — T
1. compute means in each cluster i = 1p;]

xeD;

19



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Algoritma K-means Clustering

e I|nitialization step o) (o] o
1. pick k cluster centers randomly

O o°
. Oo° o
2. assign each sample to closest center

e |[teration steps

. _— 1 X
1. compute means in each cluster i = 1p;] Z

xeD;

2. re-assign each sample to the closest mean

20



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Algoritma K-means Clustering

Initialization step o)
1. pick k cluster centers randomly Y

(o
o o
2. assign each sample to closest center o O o

Iteration steps
. f— L x
1. compute means in each cluster i = b Z
xeD;
2. re-assign each sample to the closest mean

Iterate until clusters stop changing

21



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Algoritma K-means Clustering

Initialization step o)
1. pick k cluster centers randomly Y

(o
o o
2. assign each sample to closest center o O o

Iteration steps
. — 1
1. compute means in each cluster £ = 1o, Zx

xeD;

2. re-assign each sample to the closest mean
Iterate until clusters stop changing

This procedure decreases the value of the objective function
optimization variables

£ D=(D,,....,D,)
E, (D, — — 17 195 L
k( \ﬁ) ’ZZl:XEZD:z”x ,Lll /’l:(/’llr--:/’lk)

block-coordinate descent: step 1 optimizes u, step 2 optimizes D 22




Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Contoh hasil K-means clustering

K-means menghasilkan
Pengelompokan yang kompak

=5

T M

Pada kasus 1n1, K-means (K=2) secara otomatis
menemukan nilai ambang yang bagus antara 2 cluster

23



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

(random colors are used to better show segments/clusters)
o3 )

- ‘ o "
_- e v =

24
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1. Select an image:

E40+4380

imgs/Pa1 70028 jpg

(BOY 118) RGH{Z0,22 1)

j 2. Select a processor: |KMCIuster

j 3. Click process== |

Cptions:

Init Method IIII

Frocess done |

(228 26 RGRIZ55170,0)

26



|II

1. Select an image: |imgs/iP1010021.JPG

65407480 (636,95): RGB(102,130,151)

LI 2. Select a processor: IKMCIuster

Options:

Init Method lcl

Process done !

;I 3. Click process=» I

(590,209): RGB(0,46,255)

27
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Sumber: https://www.mathworks.com/discovery/image-segmentation.html

28



https://www.mathworks.com/discovery/image-segmentation.html
https://www.mathworks.com/discovery/image-segmentation.html
https://www.mathworks.com/discovery/image-segmentation.html

Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Contoh hasil K-means clustering (berdasarkan warna)

0 100 200 300 400 500

—d N

0O 100 200 300 400 0 100 200 300 400 500 29



Contoh hasil K-means clustering (berdasarkan warna + koordinat)

color quantization superpixels Voronoi cells

RGB features RGBXY features XY features only

Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segment3%tion



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Sifat-sifat K-means

e Works best when clusters are spherical (blob like)

(o] (o]

09 00 5 092 90
(o) (o) (o] (o)
050° %0 050° “0

e Fails for elongated clusters

e SSE is not an appropriate objective function in this case

(o Mo} (o o]
% o® "% ., 9 0% "%
(o o (o)
©000° ©000°
e Sensitive to outliers
(o (o
09 O 09 ©Oo
(o (o) (o) (o
o o:o°°o —> o °go°°° .



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Mmaximum likelihood (ML) fitting
of parameters u; (means) of Gaussian distributions

2

k
E, =2 2 |kx—mn

i=1 xebD;

equivalent (easy to check)

k
E, ~ —Z ZlogP(x|,ul.) + const

i=1 xeD,

2
Gaussian distribution P(x | ;) = 21 exp[— | x :uzi I j
g 20

32



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

just plug-in

expression
— 1
....... M =372
T yeb;

equivalent (easy to chéck)

N x=ylIP
Ek_,'z:l‘ Ze?)l- 2. DZD

sample variance: var(D,) = ITIiI ZH x—u || = 2|l;,~|2 ZH x— ||

xeD; x,yveD,;

33



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

both formulas can be written as

k

E, :Z‘Di

i=1

-var(D,)

[ x—»I

sample variance: var(D,) = ﬁ ZH X — H,; 1® = 2|z;l.|2 Z

xeD; x,yeD;

34



Sumber: CS 4487/9587 Algorithms for Image Analysis: Basic Image Segmentation

Rangkuman K-means

e Advantages
e Principled (objective function) approach to clustering
e Simple to implement (the approximate iterative optimization)
e Fast

e Disadvantages
e Only alocal minimum is found (sensitive to initialization)
e May fail for non-blob like clusters
e Sensitive to outliers
e Sensitive to choice of k

2

E=3 Y l-u

i=1 xeD;

+ | k|

Akaike Information Criterion (AIC) or

Bayesian Information Criterion (BIC)
35



https://www.youtube.com/watch?app=desktop&v=pw6sTn55fZY



Program Matlab untuk image segmentation
dengan K-means

* Fungsi imsegkmeans hanya tersedia untuk Matlab R2022a

I = imread('camera.bmp');

imshow (I)

title('Original Image');

[L,Centers] = imsegkmeans(I,3); % Segmentasi citra menjadil tiga
label dengan K-means clustering

B = labeloverlay(I,L);

imshow (B)

title('Labeled Image')

37



Labeled Image

-—

Original Image

38



L 2 2
>0
a0 2 2 2
*
*

A

RGB = imread ("kobi.png");
RGB = imresize (RGB,0.5);
imshow (RGB)

*oe0
Sees

L. = imsegkmeans (RGB, 2) ; 880
B = labeloverlay (RGB,L); _ "‘."
imshow (B) :g...
title ("Labeled Image™) g..g:g
Labeled Image .. -- . ‘.....
6 o944
DOS 1&..."
* 9% 4 “."‘.‘.‘.
* 94 'l..ﬂmb

I?!
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semantic
segmentation
[ ™ - o e

t
- -

Segmentasi Citra dengan Deep Learning

* Disebut juga semantic segmentation

forward /inference
€
backward /learning
L s P e P
/ | E}u E}HH
,-"’3% j:.'.‘r%' 11;}5 ) B
/rﬁ?‘ Bt
96
I background
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Segmentasi Semantik

* Segmentasi semantik adalah algoritma pembelajaran mendalam yang mengaitkan
label atau kategori dengan setiap piksel dalam sebuah gambar.

* |Ini digunakan untuk mengenali kumpulan piksel yang membentuk kategori
berbeda. Misalnya, kendaraan otonom perlu mengidentifikasi kendaraan, pejalan
kaki, rambu lalu lintas, trotoar, dan fitur jalan lainnya.

* Segmentasi semantik digunakan dalam banyak aplikasi seperti mengemudi
otomatis, pencitraan medis, dan inspeksi industri.

Sumber: https://www.mathworks.com/solutions/image-video-processing/semantic-segmentation.html
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* Contoh sederhana dari segmentasi semantik adalah memisahkan gambar
menjadi dua kelas. Misalnya, pada Gambar 1, gambar yang memperlihatkan
seseorang di pantai dipasangkan dengan versi yang menunjukkan piksel gambar
yang disegmentasi menjadi dua kelas terpisah: orang dan latar belakang.

. Background Pixels

Ferson Pixels

Sumber: https://www.mathworks.com/solutions/image-video-processing/semantic-segmentation.html

42
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road



* Karena segmentasi semantik memberi label pada piksel dalam suatu gambar,
maka segmentasi ini lebih tepat dibandingkan bentuk deteksi objek lainnya.

* Hal ini membuat segmentasi semantik berguna untuk aplikasi di berbagai industri
yang memerlukan peta gambar yang tepat, seperti:

a) Mengemudi otonom—untuk mengidentifikasi jalur yang dapat dilalui mobil
dengan memisahkan jalan dari rintangan seperti pejalan kaki, trotoar, tiang,

dan mobil lain
b) Inspeksi industri—untuk mendeteksi cacat pada bahan, seperti inspeksi wafer

c) Citra satelit—untuk mengidentifikasi gunung, sungai, gurun, dan medan lainnya

d) Pencitraan medis—untuk menganalisis dan mendeteksi anomali kanker dalam
sel Visi robotik—untuk mengidentifikasi dan menavigasi objek dan medan

Sumebr: https://www.mathworks.com/solutions/image-video-processing/semantic-segmentation.html
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Asphalt

Water Pond

Water Lake

Sand Beach

Grass_Lawn

LowLevelVegetation

Rocks

Buoy

OrangelLandingPad

WhiteWoodPanel

BlackWoodPanel

PicnicTable
LifeguardChair
Person
Vehicle
Building

Segmentasi semantik dari citra
satelit multispektral.

Tree

RoadMarkings
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Gambar Segmentasi semantik untuk aplikasi mengemudi otomatis.

segmentation.html

Sumber: https://www.mathworks.com/solutions/image-video-processing/semantic
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Cara Kerja Segmentasi Semantik

Proses pelatihan jaringan segmentasi semantik untuk
mengklasifikasikan gambar mengikuti langkah-langkah berikut:

1. Analisis kumpulan gambar berlabel piksel.
2. Buat jaringan segmentasi semantik.
3. Latih jaringan untuk mengklasifikasikan gambar ke dalam kategori piksel.

4. Menilai keakuratan jaringan.

Sumber: https://www.mathworks.com/solutions/image-video-processing/semantic-segmentation.html
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e Segmentasi semantic menggunakan CNN

Boat

Airplane

Pre-trained CNN L Other classes

Sumber: https://www.mathworks.com/solutions/image-video-processing/semantic-segmentation.html
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* Untuk mengklasifikasikan pada tingkat piksel, bukan keseluruhan gambar, kita
dapat menambahkan implementasi CNN terbalik.

* Proses upsampling dilakukan dengan jumlah yang sama dengan proses
downsampling untuk memastikan gambar akhir berukuran sama dengan gambar
masukan.

» Terakhir, lapisan keluaran klasifikasi piksel digunakan, yang memetakan setiap
piksel ke kelas tertentu. Ini membentuk arsitektur encoder-decoder, yang
memungkinkan segmentasi semantik.

Sumber: https://www.mathworks.com/solutions/image-video-processing/semantic-segmentation.html
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Gambar 6: CNN menjalankan fungsi terkait gambar di setiap lapisan dan kemudian melakukan
downsampling gambar menggunakan lapisan penyatuan (hijau). Proses ini diulangi beberapa kali untuk

paruh pertama jaringan. Output dari paruh pertama diagram ini diikuti oleh lapisan unpooling dalam
jumlah yang sama (oranye).

Sumber: https://www.mathworks.com/solutions/image-video-processing/semantic-segmentation.html 50
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