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In this paper, new method was proposed to classify lung tissues such as Broncho vascular, Emphysema,
Ground Glass Reticular, Ground Glass, Honeycomb, Normal for early lung disease detection. 459 Statistical
features was extraced from joint histogram matrix based on multi resolution analysis, volumetric LBP, and CT
intensity, then dominant features was selected by using adaboost learning. Accuracy of proposed features and 3D
AMFM was 90.1% and 85.3%, respectively. Proposed joint histogram based features shows better classification

result than 3D AMFM in terms of accuracy, sensitivity, and specificity.
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Fig. 1. Joint histogram for multi-resolution analysis
and volumetric LBP
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Fig. 2. Multi-class adaboost learning.
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Table 2. Accuracy comparison by dissimilarity.
. . Histogram Log
Classification Chi-square intersection Jikelihood
# of TP 222 220 234/293
Accuracy(%) 8 .1 7.9
*ﬂ Hel B A wAe] Aol 7Y w2 A
T 89.8% (263/293)e] A¥E ooy M =2

A3 90.19% (264/293)= W74 R=121 LBP-TOPSIIA
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abo]l AgkAo] whhleElsldth. XY Hwol
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Table 3. Accuracy comparison of proposed features

] o LBP-
Rl R2 RS XY VZ XXV L
LBP-TOP R=123 R-1 R-123

N%P(’f B4 26 U BT % B 22 %l
“Cc(y“l)acy 01 814 6 L7 L0 860 HO LNl

3D AMFM3} #ot3dk 53 <Qlx}9
A x}ol o 3t HEHOI PE 45 de
of oA 27} =3
TS ARES Ackd 54 °1XH 4=
E

re) —
58 AR3 3D AMFM 54 <1ae] 853% =

HU} 5% 901%Anh. AdedA= 25719 3D
AMFM S4Q1A FolAl 15719 &A=}k 1537
o] 54212 (R=1) FollA 23709 5AAA7L ofth
F2E o] o3 MAHAT Fad 5A4AAE
Edag SAJAAE At AHAA M9

oN fo r

ZH Fo EAAAs Adge] wa FIgwi=
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Table 4. Accuracy comparison of 3D AMFM and proposed

features.
Naive Bayes Adaboost
Classification 3D P;roposed 3D iroposed
eatures eatures
AMEM(po103) AMFM gy
No. features 26 459 15 23
No. of TP 217 218 250 264
Accuracy(%) 74.1 4.4 8.3 90.1
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Table 5. Classification Result Using Proposed Method.

True Class

Enphys GG Retic Green  Honey Norma
ular Glass  comb 1

Broncho

Broncho 667 00 121 303 182 00

Emohy o0 @0 00 00 40 40

GG Reti
cular 45 00 909 45 00 0
GGlass 00 00 15 971 00 15
Honey
i 47 47 00 00 06 00

Normal 00 00 00 68 00 B2

671 ALFHFA]
o] 3D AMFM, Al¢tg &
AAAHR=123)¢] A 7k A Fel

¥ 6. 3D AMFM#} Arst 5422 (R=1), (R=1,23)°ll
ok Wel o 671A #HzxAe| dig WiE
H| 2
Table 6. Sensitivity comparison of six tissues
classification using 3D AMFM, proposed
(R=1), and proposed (R=1,2,3) features.

Green

Broncho am ass Class S Norrral
Reticular
D 636 340 63 A1 8L3 95
AVEM ’ ’
! 667 %0 B1 D6 815 B2
Rl
Proposed,
R123 667 R0 09 971 06 B2

100 +
80 -
60 -
40 -

3D AMFM
20 4 M Proposed, R=1,2,3

W Proposed, R=1

9 33D AMFM 3t Aotk 54 12HR=1),
(R=1,2,3)° &gt ¥Rl 3 6714
Hz2ol gk = v 2

Fig. 3. Sensitivity comparison graph of six-class
classification of 3D AMFM and proposed
features.

% 7. 3D AMFM3# A¢rek E4A02HR=1), (R=1,23)°]l
ofgk ol o7k 67FA #HzAd I Sol=
H] L
Table 7. Specificity comparison graph of six-class
classification of 3D AMFM and proposed
features.

BEophys GGReti Green  Honey N

Broncho ema cuar  (lass  comb
Dow1 w7 %68 %6 %2 919
Poosed g7 3 o2 973 974 987
Proposed
el BL S8 80 %9 970 991

100

80 -

60 -

40 4 ®3D AMFM

M Proposed, R=1,2,3

20
W Proposed, R=1

29 4. 3D AMFM 3 ARtk 54 02HR=1),
(R=1,2,3)°l &gt ¥Rl o3 6714
Az o] gk Sol% vl 1z

Fig. 4. Specificity comparison graph of six-class
classification of 3D AMFM and proposed
features.
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