l13Bne4eHne Npu3HakoB U3 TEKCTYPbI N30DparkeHns

Cesacrononbckuii ApTém
BMK MIY

7 okTsi6ps1, 2015

Cesacrononsckuii Aprem (MMM BMK MTY) TekcTypHule npusHakm



-
TekcTypa

@ TekcTypa — 3TO n300pakeHne, BOCNPON3BOASILLEE
BM3yaJibHbIE U TAKTWIbHbIE CBONCTBA KaKNX-11bo
MOBEPXHOCTEN 1N OOBLEKTOB.

o [log TekcTypoii MOHMMAIOT XapaKTepucTuKu
obbekTa, onpeaensiemble ero pasmepom, hopmoii,
MAOTHOCTbLIO, PACMOJIOKEHNEM N COOTHOLLEHNEM
3/1IEMEHTAPHbIX YacTel.

@ O TekcType roBoOpsiT, YTO OHa /1a4Kasi Uau
LIEPOXOBATAsl, MSITKasi U XKECTKAs!, KPYynHas uav
MeJIKasl, MaToBasi UJn [NISTHLEBAS.

Kapturkn B3aTbl n3 cratbn Georgy L. Gimel'farb, Dongxiao Zhou «Texture Analysis by Accurate

Identification of a Generic Markov-Gibbs Model»
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CgoiicTBa TekCTypbl

@ PerynsipHocTb

o CroxacTtuyeckoe
NPONCXOXKAEHMNE

e OpHnopogHocTb /
cnabas
0OQHOPOAHOCTb
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3ap,aqv|, CBA3aHHbIE C aHAJIN3OM TEKCTYPbI

o Knaccudunkaumsa nzobparkeHuli

Manik Varma, Andrew Zisserman «A Statistical Approach to Texture Classification from Single

Images>»
o [ouck nogxoas wmnx m3o6pa>KeHvu7| no 3anpocy

«Haign Bce cHumkmn (co cnyTHNKa) y4acTKOB pacTUTENBHOCTM, KOTOPbIE
MOXOXKMN Ha 3TOT CHUMOK>»
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3ap,aq|/|, CBA3aHHbIE C aHAJIN3OM TEKCTYPbI

o CermeHTaums no TekcType

(b)

()

Puc. 1 : CermenTtaums cinmka ¢ camoneta. (a) ncxogHeiii chumok; (b) nons; (¢)
HaceseHHas 30Ha; (d) y4acTku pacTuTenbHOCTU.
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3a,n,al-||/|, CBA3aHHbIE C aHAJIN3OM TEKCTYPbI

@ VYragatb ¢popmy 3D noBepxHOCTW MO TEKCType
Katsushi lkeuchi «Shape from Regular Patterns», Artificial

Intelligence, 1984
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3ap,aqv|, CBA3aHHbIE C aHAJIN3OM TEKCTYPbI

@ CrHTe3 TekcTypsl

-5 5B

o uFud i
.."‘L.1 '_ |_] '_ "

Sample Image Synthetic texture
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[MpnsHaku TekcTypbl. CtaTuctukm | nopsiaka

Bynem paccmaTpuBaTh n3obpaxeHusi B oTTeHKax ceporo. Ha ocHoBe n3obparkeHusi
MOXCHO MOJy4MTb MPU3HAKM, OMUCHIBAIOLLME pacrpefesieHrne SpKOCTM NUKCeNei.

Cesacrononsckuii Aprem (MMM BMK MTVY) TekcTypHule npusHakm 8
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[MpnsHaku TekcTypbl. CtaTuctukm | nopsiaka

Bynem paccmaTpuBaTh n3obpaxeHusi B oTTeHKax ceporo. Ha ocHoBe n3obparkeHusi
MOXCHO MOJy4MTb MPU3HAKM, OMUCHIBAIOLLME pacrpefesieHrne SpKOCTM NUKCeNei.

o
i.
2
0 k
N ..HLN !
@ 80 100 120 140 160 180

1 - intensity of porel

P(1) - probability of

v
m =E[1'] ='\211'P(1)
m=E[(-£[1) |=

-0
Ng-1
=0
k=234

'i

I

(L —-m)" P,

Cesacrononsckuii Aprem (MMM BMK MTVY) TekcTypHule npusHakm



[MpunsHaku TekcTypbl. CtaTuctukm Il nopsaka

o Cratuctuknm Il nopsaka paccMaTpmuBatoT pacnpegesieHne He CaMux MuKCesei,
a B3anMHOE pacnoJioxxeHne nap nukceneii. Mzeecthblii cnocob noctpouts
Takme CTaTUCTMKM OCHOBbIBaeTcs Ha noacyete Grey-Level Co-occurence
Matrix (GLCM).

1, ecm I(p,q)=hwnl(p+Ax,q+Ay)=1
Gax,ay)(h, k) = E E
pr o 0, wHaue
Gax,ay(h, k) paBHo 4ucny nap nukceneit Ha M300paxeHNN, TaKMX HTO y
O[HOTO MUKCESst MHTECMBHOCTL f1, a y ero cocega B Hanpasnenun (Ay, A,)
NHTEHCUBHOCTb f>.
e Ha npakTuke orpannumsatotca G o), G(1,1), G(0,1), G(~1,—1)- Kopoue 310
3anucbiBatoT Kak Goo, Guso, Gogo, Gi3s0.

Cesacrononsckuii Aprem (MMM BMK MTrY) TekcTypHile npusHakm 10



[MpunsHaku TekcTypbl. CtaTuctukm Il nopsaka

MoxxHO nocymTatb cTatuctudeckmne momentol matpuy GLCM. Beegem
onpepeneHns:

e Nyctb G(i, j) — mobas us 4 GLCM-matpuy,.

@ Ny — uncno ypoeHeli ceporo B U300paXkeHnN.

e p(i,j)= % R — HopmunpoBka.

px(i) = Zijl p(i,j) — pacnpegenenue no x (aHanoOrn4HoO no y)
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[MpunsHaku TekcTypbl. CtaTuctukm Il nopsaka

MoxxHO nocymTatb cTatuctudeckmne momentol matpuy GLCM. Beegem

onpegeneHus:
e Nyctb G(i, j) — mobas us 4 GLCM-matpuy,.

@ Ny — uncno ypoeHeli ceporo B U300paXkeHnN.

e p(i,j)= % R — HopmunpoBka.

e p(i)= Zijl p(i,j) — pacnpegenenue no x (aHanoOrn4HoO no y)

°p><+y(k):z E =1;i+j= kp(lj) _2v37"'a2Ng

NoBOYHbBIM ,D,I/Ia rOHansaMm

° Px—y(k)zz ZJ Lli—jl= WPUJ), k=0,1,--- Ng

no rnaBHbIM AMAroOHanNAM

R. Haralick «Texture Features for Image Classification»

Cesacrononsckuii Aprem (MMM BMK MIY) TekcTypHule npusHakm
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— 1 — pacnpegenerue
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[MpunsHaku TekcTypbl. CtaTuctukm Il nopsaka

Mpu3Hakn MNapanuka. 14 nepBUYHbIX NPU3HAKOB.

1) Angular Second Moment:

= L X {pii}
2) Contrast: 4) Sum of Squares: Variance
=5 (g E ). fo= T3 - W
3) Correlation: " i=si=2 3) Inverse Difference Moment:
040,

¥

where ., p,, 0,, and o, are the means and standard devi-
ations of p, and p,.

R. Haralick «Texture Features for Image Classification»
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[MpunsHaku TekcTypbl. CtaTuctukm Il nopsaka

6) Swum Average:
2Ny

.fﬁ = ‘—22 ipx+y{l-.)'
7} Sum Variance:

2N,
fr= ‘;1 (i — fa)2P1+y(i)-
8} Sum Entropy:*

2N,
fﬂ = -_igl P:+y(i) IOE {px+y(l)}
9) Emtropy:
Jo = —; ? p(i.j) log (p(i, ).

10) Difference Variance:
Jio = variance of p,_ .
11) Difference Entropy:
Ng-1
fiy=—
=0

Cesacrononsckuii Aprem (MMM BMK MTIY)

Y Pu-yfD) 1og { Py y(D)}.

12), 13) Information Measures of Correlation:

7, = HXY - HXY1
7 “max [HX,HY}
fis = (1 — exp [-2.0(HXY2 — HXY)]'?
HXY = —E E pli.j) log (p(i. )

where HX and HY are entropies of p, and p,, and
HXY1 = =Y ¥ p(i.j) log { p.i)p,())}
L]

HXY2 = =} ¥ pdidp,(J) log { plidpy(i)}-
14) Maximal Correlation Coefficient:
f1s = (Second largest eigenvalue of )"/2
where

y MipU.k) pik)pik)

i,j
D) = e p

TekcTypHele NpusHaku 14



[MpunsHaku TekcTypbl. CtaTuctukm Il nopsaka

@ Bce 3tn npusHakn cuntatotca gns kaxgon us 4 matpuy GLCM:
Goo , Gaso, Gogo , Gi3so.
o [ns kaxporo un3 4 3HadeHuli npusHaka bepem cpegHee u AUCNepCuio.

o [lonyyaertcs 14 - 2 = 28 npusHakos.

R. Haralick «Texture Features for Image Classification»

Cesacrononsckuii Aprem (MMM BMK MTrY) TekcTypHile npusHakm 15



[MpunsHaku TekcTypbl. CtaTuctukm Il nopsaka

o N3 3tux 14 moxHo BblAEJINTb HECKOJIbKO Hanbonee BaXKHbIX NPN3HAKOB.

Grassland Water Body

Angle ASM Contrast Correlation ASM Contrast Correlation

.0128 3.048 .8075 L1016 2.153 7254
452 .0080 4,011 6366 0771 3.057 4768
920 0077 4.014 5987 .0762 3.113 4646
135°  .0064 4.709 4610 .0741 3.129 4650
Avg. .0087 3.945 6259 .0822 2.863 .5327

(a) ®)

Fig. 4. Textural features for two different land-use category images.

R. Haralick «Texture Features for Image Classification»
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[MpunsHaku TekcTypbl. CtaTuctukm Il nopsaka

o Knaccudukaums tekctyp

TABLE HI
ConTINGENCY TABLE FOR LA]ND—USE CLASSIFICATION OF SATELLITE ] ,D,aTaceT n3 600
MAGERY -
dotorpacbuii mecTHOCTM CO
ASSIGNED CATEGORY
[Coastal | Woodlands | Annuol | Urban | Lerge Smali Woter {Total CI'IyTHI/IKa (300 06y‘-laI'OLLI,I/IX,
Forest Grass= | Areo | brigated | Imrigoted
ey Fiulis | P 300 TecTOBbIX).
| e n N N E o lcnonbsytoTcs ctaTucTukm
= | Woodtonds o 17 10 [ 1 0 o | 28
Py 1 s e | : ol | nopsigka + HeCckosbko
8 | trbom Aves ol sl Jul ol o | ol npusHakos [apanuka.
= ar
Elimporedrios | 1| 2[4 Lo | @ [ 2 | oo e o [posoaunack
it | 0| 0 L4 Lo |3 | o fa knaccudpmkauns ¢
Woter 9 0 0 0 0 4 5 |3 -
Total 25 26 141 14 42 26 36 (310 nOMOLL"bD JIMHENHBIX
: - ANCKPUMUHAHTHbBIX
Number of training samples = 314; number of test samples = 310; beHKLIVIVL

accuracy of classification on training set = 84.0 percent; accuracy of
classification on test set = 83.5 percent,

R. Haralick «Texture Features for Image Classification»
Cesactononsckuii Aprem (MMM BMK MTY) TexcrypHsie npusmakm 17



MpuknagHas 3agaya — gnarHocTuka bonesnn Anburelimepa
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ABSTRACT

In lierature, festures based on Fi

images. Features based an statistics of texture provid far

less number of relevant and distnguishable features in com-

o

parisan to existing methods based on wavelet transfomation. In this paper, we investigated performance of tex-

ture-based features in comparison to wavelet-based e

tures with commonly used classfiers for the classificaion of

Alzheimer’s disease based on T2-weighted MRI brain image. The perfarmance is evalusted in terms of sensitivity,
specificity, accuracy, training an testing time. Experiments are performed on publicly available medical brain images.
Experimental resuls shaw that the performance with First and Second Order Statisiics based features is significantly
betterin comparison to existing methods basedl on wavelet trans€ormation in terms of all performance measures for all

Classifiers.

Keywords: Alzheimer's Discase; Magnetic Resonance Imaging; Feature Extracton; Discrete Wavelet Transform; First

and Second Order Statistical Features

1. Introduction

Alzhsimer’s disease is a form of dementia that couses
mental disarder and distusbances in brain functions such
as language, memory skills, and perceptian of reaity, time.
and space. World Health Organization [1] and National
nstitute on A ging (NIA) [2] highli ghted hat s early and
accurate diagnosis <an help in its appropriate treatment
Gne of the most popular ways of diagnosing Alzheimer
by physician is a neuropsychological test like Mini Men-
tal State Examination (MMSE) that test memary and
language abilities. But problem with this approach is that
it is subjective, human biased and sometimes does not
ive sccurate results (3],

Alzheimer's discase, the hippocampus lacated in
the medial temporal Iobe of the brain s ane of the fist
regions of the brain to suffer damage [4-6]. The research

netc Resorance Imaging (MR is most preferred as it is
mnnvasive technique with no side effects of rays and
suitable or the internal sucy of human brain which pro-
vide bettr information about soft tissue anatomy. How-
ever, there is a huge MRI repasitory, which makes the
task of manual imerpretation diffcult. Hence, computer
aided analysis and diagnosis of MRI brain images have
become an impertant area of research n recent years.
Eor proper analysis of these images, it is essential t0
exract a set of discriminative features which provide
ter classification of MRE images. In lieraiure, various
featue exraction methods have been proposed such as
Independent Component Analysis [13], Fourler Tans-
form [14], Wavelet Transform [15,16], and Textwe based
features [17-19). 1t is & well-known fact that Fouier
wansform is useful for extractng frequency contents of &

Cesacrononsckuii Aprem (MMM BMK MTIY)

First and Second Order Statistics
Features for Classification of Magnetic
Resonance Brain Images

Namita Aggarwal, R. K. Agrawal

e 2012 r.

@ School of Computer and Systems
Sciences, Jawaharlal Nehru
University, New Delhi, India
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MpuknagHas 3agaya — gnarHocTuka bonesnn Anburelimepa

o Bonesnb Anbureiimepa — TpygHomsnednmas 60ie3Hb, Bbi3biBAOLWAS
HapyLweHuns paboTbl MO3ra, SI3bIKOBOrO LEHTPa, NaMsTul.

o Vccnepyetcs BO3MOXHOCTL AWArHOCTUKK bonesnn AnbureiiMepa Ha OCHOBe
MPT-ckaHoB mo3ra.

o CornacHo nccnepoBaHusaM, y NIOAEA Ha paHHel ctaguu bosiesHn pasmep
rmnomnamyca MEHbLE, a 6OKOBbIX )KeﬂyAOHKOB 60ﬂbLU€.

Puc. 2 : Ckanbl MPT (a) mosra 3goposoro 4yenoseka, (6) mosra 4enoseka ¢
nogospexnem Ha BonesHs Anbrelimepa.

Cesacrononsckuii Aprem (MMM BMK MTIY) TekcTypHile npusHakm 19



MpuknagHas 3agaya — gnarHocTuka bonesnn Anburelimepa

o [anubie Harvard Medical

st e i percerizge) School, 90 kapTuHoK.
Sn sp Acc L TP

Dbd 87.67 9833 9 @ Sensitivity = ———
SVYM_L HaarPCA o3 975 9242 y TP+EN

e ™

FSStat 98.96 99.17 99.06 o —

Db4 88.58 97.88 5.3 SpeCIflClty TN+FP
SVM_P HaatPCA 8875 96,67 9271 _ TP+TN

FSStat 99.33 9329 9631 ° Accuracy — TP+TN+FP+FN
) o * 2858 o820 o DB4 — paznoxerue
SVM_R HaarPCA 802 90.04 4748

FSStat 97.92 98.88 984 V|306pa)KeHV|$I no

o - o o selienetam Daubechies-4
KNNC HaarPCA 8.2 95.79 9004 :

o = = e o HaarPCA - pasnoxetue
LMNC HaaiPCA 83.96 9538 89.67 |/|306pa>KeH|/|;| no

FSStat 90 9325 91.63 o

oot e P o geineram Xaapa + PCA.
C4.5 HaarPCA 7467 82.29 7848

FSStat 9192 9575 93.83 o FSStat - NpU3HaKn

Xapanuka.

Cesacrononsckuii Aprem (MMM BMK MTIY) TekcTypHile npusHakm 20



CnekTpanbHble NpU3HaKM.

Lpyroii knacc npusHakos — CNEKTPasibHbIE.

o Crpoutcsa baHk bunbTpoB — cneumanbHbix PyHKUMA unn n300pa>keHnii,
KaX[J0€ U3 KOTOPbIX OTBEYAET 33 ONpPEAESIEHHYIO XapaKTEPUCTUKY TEKCTYPbI.

o [lpoussogutcs cBepTKa N300paxeHns C KaxabiM U3 pUIbLTPOB, NOAYYaOTCs
OTKJINKIN.

o CynTaloTCs XapaKTepMCTMKY OTKJIMKOB (Hanpumep, CpegHue n gucnepcus).
Bce oHM KOHKAaTEHMPYIOTCS B BEKTOP MPU3HAKOB.

Cesacrononsckuii Aprem (MMM BMK MTIY) TekcTypHile npusHakm 21



CnekTtpanbHble npusHakun. Punbtpsl [abopa

Mpumep — bunbTpel Mabopa.

o [leymepHblii punbTp abopa 3agaetcs dpopmynoin

1(x3  y3
G(X’_y) = exp (-2 0_7)2( —|— 0_7}2/ COS(27T9X¢)7

xp = xcos(@) + y sin(6), ys = —xsin(@) + y cos(6),
Ox, 0y — PaCTSHYTOCTb punbTpa no ocsm, f — 4acTOTHasA MOAYNAUMS, ¢ —
MPOCTPAHCTBEHHAsI OpUeHTauunst puibTpa.

@ Dunbrpbl Mabopa COOTBETCTBYIOT MPOCTHIM KJIETKAM BU3YasibHOrO LEHTpa
MO3ra YeJIOBEKA N MJIEKOMMUTALOLLMX.

B.S. Manjunathi and W.Y. Ma «Texture Features for Browsing and Retrieval of Image Datax»
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CnekTtpanbHble npusHakun. Punbtpsl [abopa

o Bapbupys napametpbl, MOXHO
MONYYUTb CUCTEMY BEABIETOB
[abopa pasHbix HanpaBAeHWid 1
maclTabos.

8mn = a—mg(x/’yl)’ a> 17 m,n € Za
rae x' = a "(x - cos T 4y - sinTl),

! —m A TTn mn
y'=a "(—x-sinTt 4y - cosTt),
g(x’,y’) — HekoTOpbIii NCXOAHBIN

BEMBJIET.

C Figure 5.1: Filter responses of texture D3, produced by
° NCTeMa NOoJHas, HO He a bank of Gabor filters (3 scales and 4 orientations).

OpPTOroHaNbHasA.

B.S. Manjunathi and W.Y. Ma «Texture Features for Browsing and Retrieval of Image Data»
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CnekTtpanbHble npusHakun. Punbtpsl [abopa

Image responses for Gabor filter kernels

brick grass wall

@ ltoroeoe npeobpasoBaHue
n30bpaxkeHuns:

0.10

=0,

Won(x,y) = | * gmn, *' — cBepTKa

theta
frequency:

=0,

umn://|Wmn(X7y)|dXdyv

O = \/ [ [ (Wonn(x. )] = )2y

@ Bekrtop npusHakos:

theta
frequency=0.40

theta=45,
frequency=010

=45,

theta
frequency=0.40

[M00,0007M017"' ,M35,035]
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CnekTtpanbHble npusHaku. PunbTpbl [abopa. IkcnepumMeHTbi

@ MHoroknaccosast
knaccudpmkaums. B gatacere
okono 110 kapTuHoOK pasmepa
512 x 512. OHn pasbusatotcs Ha
16 4acTeii, Tem cambiM
nony4aercs npumepHo 1800
KapTUHOK.

@ [lna kaxkpoli KapTMHKN
cunTaroTcs € K 6nmxaiiwnmx
cocepeii B obyqatoweii Bbibopke
(no L1 metpuke). Nccnepyeres,
ckoneko ns K cocegeii ns toii
Ke NCXOAHOWM KapTUHKN.

@ Pesynbtat - 74% npu K=15,
92% npn K=100 (cpeaHnss pons
yrapblBaHuii).

@ OfHO 13 OCHOBHBIX NPEMMYLLECTB: METOJ, MHBAPUAHTEH K NMOBOPOTAM 1
PaCTS>KEHUSAM.

B.S. Manjunathi and W.Y. Ma «Texture Features for Browsing and Retrieval of Image Data»

Cesacrononsckuii Aprem (MMM BMK MTIY) TekcTypHile npusHakm 25



CnekTpanbHble METOAbI. TEKCTOHbI.

Filter >
. .

Textons lsarnt from
other textures.

Manik Varma, Andrew
Zisserman «A Statistical

Approach to Texture

Classification from Single
Images>»

T. Leung, J. Malik
«Representing and Recognizing
the Visual Appearance of
Materials using

Three-dimensional Textons» Mulile, wegisered Fille responses

images of the same
texture

o O

mEmE e

I

= b

o ‘
(b) (c)
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Hpyrvne metoabl

o lMupamungpbl nzobpaxennii. D. J. Heeger and J R. Bergen. Pyramid-based
texture analysis/synthesis. In SIGGRAPH, pages 229-238, 1995.

o Conocraenenue rucrorpamm. K. R. Castleman. Digital image processing.
Prentice Hall Press, Upper Saddle River, NJ, USA, 1996.

o Mapkoeckue uenu. G. R. Cross and A. K. Jain. Markov Random Field
Texture Models. TransPAMI, 5:25-39, 1983.
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