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Abstract; In order to solve the problems of the unbalanced distribution of positive and negative sam-
plesin data set in pulmonary nodule identification and overtime parameter optimization, a PSO-CSVM
algorithm was proposed. ROI image of pulmonary nodule was extracted from the lung CT and then
13-dimensional characteristics was extracted from it. Finally, the proposed PSO-based cost-sensitive
type SVM algorithm was used for identification. In the testing the accuracy rate of the identification
reached 91.11% and the sensitivity reached 85. 71% , specificity reached 93.55% , and the time of pa-

rameter optimization was 54. 37 s. In order to further verify the effectiveness of the algorithm, the
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proposed algorithm was compared with the genetic optimizing algorithm and grid optimizing searching

algorithm. The experimental result shows that the run-time of PSO-CSVM is shorter and the accuracy

and sensitivity is optimal. It features short run-time, high accuracy rate of identification and detection

rate and can meet the requirements of medical imaging for the identification of pulmonary nodule.

Key words: pulmonary nodule recognition; cost-sensitive support vector machine; particle swarm opti-

mization; RBF kernel

1 7]

qul

Jiti CAD % &t i 5 iy 5 T b 2R i 552 5
H Al 25 Y 19 % 2% #R X 38 (Region of Interesting,
ROD 73] . ROT FFAE $ LA K il 45 75 351 25 38 73
L T A il 1 U S AR G R R A G O
SCHRLT 8 8 7 —Fb 3D 180, ok ] =453 HIH AR
F2 B 2357, AU B B R H ol 28 I 2% 5 v ok X
G351 A AR S5 T LA 5 U B 77 5 Shen 455 F
2 241 3 B 2 9 45 % LIDC-IDRI 046419 1 010
ASBERLE S Y R AR HEAT U %07 B S ARG T
25 B AN [R) 22 A 7 8 AN MR T i 45 9 00 85 1
F L LU B A R 45 BB A . B R
FH A TR 28 W 45 07 125 AT e AE 42 350, 2R 05 A1 AL
52 33 5 R AT BE (0145 5 ST IR B HE 7 2R
) 87. 14 %6, i HiZ J7 1 BE 8 FRAE 245 15 (1034 % K
HARAE B s Froz %5 R I« N M€ de g2, B A
TAEAT S AN LIDC-IDRI U6 5 (9 1 402 ASFREA
$EWTT 18] SCHREAE  de S5 ) SCHRF ) e AL XS 455
PRI, AEORR B K B 91, 86 %60, K S B ik ) 94,
T8% . MY RRURAE M 4 A RO B ) 24 S5
FHIE T4 i 4 JC O FRAIE LA K B 4l 2 0E AR A 43
Ay AN VA7 A8 R R, SCHR L4 J48 T — T 22 B HE 28 i
TRHE L T MRRIE 7 22 2R 47 5 40 RR AR Al
Lk, S g KR, P4 5 i A J LA - X 8
(G-mean) 1 %Z X & TAE £ AE 28 (Receiver Op-
erating Characteristic, ROC) F R (AUC) 4845
OE T A T7 75 5 SCHRLS T3 7 — P A i 5k 5 3%
ARITEHIT CT BRI T 4b B B B, ok 3k 31 25 B
Jifi# CT FIR e s s 1 R0 A TG &
HARAS B A B Ry B Y s SCRRL6 R etk i
WAL TR T ER B 22 ASFRAE P BB 88 T 7 A 4F
TEAE N e LR A 5 L 9F BT B A4 1E 7 2 R VI
YR SRR 1) AL ST 28 AR AR 3 g v b i BH O R B
AR o e v Re, AR AR E] T

95.5% s Li 25748 — R IR A 4% S R i LA
Xof fili 45 75 BEAT IR0 I R T 0 A 1R B X S 8
HEFT SR OB BE RN BE 43 300 R 92. 59 %60 F 9214
{ER R R R RS TR RN RS .

YT BRI B 4G U o AR P e 4
E SARE AR 53 A AN 49 A S 35003 281 T ) 580 b —
FWIREAMAT R}, DL 3 58 B [B) B4 A 1) A, 44
PSO-CSVM %k , BIFE YN ZR i B R HIRL 71 55
#: (Particle Swarm Optimization, PSO) XA # ik
J A % 1) & HL (Cost-sensitive Support Vector
Machine, CSVM) U5 8 47 2 50318, 2R J5 f%
FAFI S B AR AR A AT 0, R 5K
BT 515 B )

2 PSO-CSVM H %

2.1 PSO &%

PSO B 72 M Kennedy 1 Eberhart 7£ 1995
SRR — R RE RO IRAL B k. TES R,
B0 0] A 0 A 2 00T 48 R 4 (8] A — A KL
T TR T X I — A 35 N B R . RS R
3 3o BB A A R R AR R B ok BE BT B AL
B . PSO B E LA L — R R SRS
3R 7 Mg % ) R 3 B Y T R O AR AT 1%
IR, HEA R R F R R, ERRENAE
i e R S R A A O
V' = Vi + an (P — XD + o n(Py— XD,

(D

X' = X4+ v &)
Hrpovi=[Vy. Vo, Vi I" BB i MRLF 1
WP X =[x, xpsrsan]t RRE DR B
fLE P =[Pu, Py, P " HIHAEWAL, P,
=[Pa,Py.s P ]t HFEERM 2 JRIAE ., d=1,
2,0, Dyi=1,2,, n. D R M 4E R o W
PEAE , 1A AL - 44 7K S i Y 2ERE RE ) B PR A R
BRAMT2RER BHEAUE SN T R AR



510 Z=

B 25 « oot 4 S ARF 1) e AL 7 Al 45 1 R 530 v ) 1 217

Ko PHERCE W28 BE N ow =0.9, aw =
0. 43k J AT ERKEL o A e, AR fUIY 4L
BRI 8 BE R B T Y o SR, 43 5 BOKE
TAEIY RGN AR MU B Y o R, &R
Bl AR R, Wt o Mo WX T3
M BB R EE L PSO BEH o M oo MEUE
W o=c=2LkKH.,. n M rn, E0HT[0,1]Z
VE1] Fry Bt AL
2.2 CSVM &3k

SRR 1) LA AR Ak 2 A e ML 2 S Y
T 551, 3 SRABEAD (14 2 2 M 2 2T R g =2 ] (1 A
Proag R ARFFEAD . 55 SVM R IEZ 5 fiy
FR AR AE ST 280 C.C @ T e k2]
TF1) i 5 e /N VI 5 A 252 i) %) 07 v R B L 4 9 4 ™
HA M A E S ECH /N TR EE L IE
s 5 67 2SR T TR) (4 28 510 2 580, % 45 18 2 11 3%
ZZHUNTFREMREZEZ ML A TR T 73
(A ST g B R 3043 - T ) O 28 0 — NS B
St AT IR IE 28 5 40028 0 0l 51 AR [R5 &R
B CA C oy DT AT LA T 8 AR B 5 A B
A8 12 3 AR A o 30 B R SRy A R AR S
Fri g ML (CSVMOIY . Wl fEAR T= ((x.
Yy} (i=1,2,, D, x;, A SVM Wi ARFIE, H «
ERY, y€{—1, +1} HEBRE, i=1,2,, 1,1
TINGREARA B, yo=1 B X R T 453515 0, i
yi=—1 X FAESE G AL . 3T 00 28 H AR o
H CSVM 52 BLIE LR 1 43 Xl i) U 5 3 LR A (1Y
5[] 1 AT 7R A

min o | wl®+C D e+ Da. @

y; =1 y;i=-1
sote yi((we @(x)) +b) =1—¢,
1= 1,2,,1, 4
& =0.i=1,2,,L (5)

Frp s Cy 02 X8 7 i 45 59 FE AR B A 551 R 8, C
L AR Z5 1 R A I 5T AR K & SRS AR B b O R
Bt . B B H S AR D ) R AL DA )
1 [ A

L 1

1
mlnéz ZyiyjK(l‘“yi)aia,v— Zaj, (6)
“ i=1 ji=1

i=1

1
S.t.z_’yiag:()
i=1
O<Q{<C+sy:+]
0L C,y=—1. (D

) e 3 R ECh
fCx) = sgn(g(x)). (8)
Hrr,

L
g(0) = D ayK (1) + b (9
i=1
KO F R E bRIF TR .
1
b= vi— >, via:K(xir ) (10)
i=1

XA T K o) B3, RBF BRI —fk
B B e B, IR B
_ H T —

2g2
KA g HEM TR, g B R/ B 52 A% R
B8 0, g b /e BN RE R RZ

X H §

Ko Cxis ) =exp{ RQED)

TG

|

FTHOPEASE, Bl PLIEBLATI80FEALE
FIIEEE. FEARO0AREAE Jyilis £

A 4

R rh i — 4 CSVMZ Rk
R SRR

PR AL TR

h 4

VLTI N PR B OV
HERRIE (' I PSOIY & 1R 1 4

I

TR M RGN 25
AL

SRR ih

BRI R

LR

Bl 1 PSO-CSVM % i f &
Fig.1 Flowchart of PSO-CSVM algorithm



218 b=

T TR

5 25 &

fRRe S BB = R A Y g iR, g
FHE T BE 7 SO BT AR A A% 1 B R T R O ROR AT
Kt RBF #192% 2 68 11 BE S50 ¢ 1978 K55
2.3 PSO-CSVM #E %

Ry YA BIRG BE B A BEURA SVML R
7. e A CSVM @B & S8 AT i fk . A&
SCHIH PSO MRS L 1 4 Jm 48 R 68 1 . % CSVM
LI R 0 2 BOBUE R AT O AL RS L DU T A
By PR b R A B AR CSVM R 2% . B PSO
B A A CSVM, 42 1 PSO-CSVM # i,
B gedE CV B BB R A Nl I B pR 4L
1B, 7 2 145 31 00 i 1 A e R 0 2 50l 1
NS B4, PSO-CSVM 5 i i 72 & n | 1
JER

3 KBy MALER

S TR A R R B MR B =W R
e, A5 20 419 191 249 700 BE CT B, x4 CT
PG 25 2ok 4k 3L i S I3 43 1) B 22 A ili 43 I 4 Ab
LSRRI 270 A9 AU BE LS 5 (1) ROL, Hop
L5 80 NE5 1Y, 190 MEFH s 28 J5 AL ROT A 2
WA 13 AERRAE, P AL HE 7 AN B SRR, 2 AN K
JEREAE LA B 4 A SUPLRRAE 5 J5c ZOB B A i) B A
SR B S AR HE AT B A T AR . ROT A9 42
BOEBRITE 2 iR .

(a)F I CTE
(a)Origin CT image

(b) T AP (= &

(b)Preprocessed image

(M2 J5 5381 F5 1 4 i
(c)Right lung of lung parenchymal segmentation

(FEHGEAYES YT
(d)Extracted the nodule

(e)FRIL s 9 fE2FH
(e)Extracted the non-nodule
B 2 $#2HROI 28§
Fig. 2 ROI extraction steps

S-S R MATLAB, 3 F H libsvm T
HAGIEAT D5 1, TR TS w BIESISHC
AR A B Th IR SRR A AR 51 2 4 C i AL
RN w, AREARANEN S8 C WALEN
wo s w  RE R 1L, SE w il SR, Y
w; KF] 2.4 A PUNRCR A, Criliid C X ow,
R, SRR A BE LT HL B PR R 270 A
FEARY 13 HEHFAE ) i 04T 0 — A ab 3, 1 — 1k i
e S5 R EEC

X Tmi
TLnormal — = . ( 12)

Tmax ~ Lmin
FEA s Toomma 2 VA — S5 BB + i+ s 73 1) 2
IR« BB/ MEM IR OR(E . RS UL 180
AEEAAE YNGR, 90 A REA AR S I 4 L I 25
S ML P IE TR RN ER 1 PR,

®1 BEEESEESTH

Tab.1 Positive and negative sample distribution of the
data set
YA WA A 2
ENISY 180 90
IEREAR KK 52 28
TREA R 128 62

ZHC M g M FE BB ER 2 " ~2" HAE
YR B Bt R L4 28 LIIE s PSO B3k i 17 31
mF, AR T RO B 20, B R AR R B
200, ¢, MIERA 1.5, ¢ WIRA 1.8, kAR IR £ 2
ik 200 B, AL AL A5 R .

S U b ok FH HE A B L SR R R Ok Al
it MERR ] ACC oK, BUS B ] SEN £, FE
SFEH SPE #£/8. ACC,SEN 5 SPE By #£ k=



B 25 « oot 4 S ARF 1) e AL 7 Al 45 1 R 530 v ) 1 219

55 10 1 Z
535K
ACC=7p +($§i£§)+ N8
SEN = <TPT+7PFN>’ (14)
SPE = %ﬁjm), (15)

Horbr, TP S B0 Y B SE il 4595 FP o 45
T B 352 40 O 45 79 s TN Oy B 5 il 485 1 a5 0 Oy AR
G597 TN JE YU 25y

2 5T LR R [R5 BT A5 20 19 AN [ 2
HLATLAE F, PSO-CSVM 8 1 15 3] 1 8 51 o 5
FH 91 11%, WU EE R 85, 7100, K¢ E
93.55% ,Grid-CSVM 5. 2 15 2] (4 15U i it 5

88. 88 % MHURR M 82. 14 % K HJE M 91. 94 %,
GA-CSVM #3245 2] (1 5500 HE 5 R0 84. 44 %,
TEURRE N 76. 86 Y0 R S 91. 94 %, PSO-SVM
TR B 0y U0 HE B AR 87, 7800, WU E
82. 14 % 55 K 90. 32% , JLF 33 A9 ROC Hi
AANE 3 Fros , ROC f 2 S X iz iy i A2 K - PSO-
SVM % ¥k & 0. 079 5, GA-CSVM % % &
0.153 2,Grid-CSVM %% R 0. 053 6, PSO-CS-
VM B0 0. 043 8, L 45 B % 1, PSO-CSVM
SVE 5 Bk B R 48 R R A LR, TR R A
ACC Jr 1 it /& SEN J i B R IBE T =% . 155
FIIE T ZRFEARM Co A C A HLAE, B wy R 2. 4,3
5560 ZOR IE PR AR B 1 HUAE 2. 375 ST AH 5§

®2 LFMEELLLE

Tab. 2 Comparison between different algorithms

Bk =32 E ACC/% SEN/ % SPE/ % BT E] /s
PSO-SVM R 87.78 82.14 90. 32 53. 64s
g=>5.12
C-=39.86,
GA-CSVM C.=95.66, 84. 44 76. 86 91. 94 59.18
g=23.102
C =32,
Grid-CSVM C.= 76.80, 88. 89 82. 14 91.94 113. 25
g=0.25
C-=11.70,
PSO-CSVM C. = 28.08, 91.11 85.71 93.55 54, 37
g=0.22
, 1 [ 1 TR(J(,‘ TcurvcT r i i 4 2’(‘:“' ‘L/E}
09 e GGV |
0sl ... T CrcsM ) ASCEM T PSO-CSVM B33: 3F i HI T+ il 25
0 o 5P e T R B ™ O Y A S BT Ay 2R
‘§ 06 , T AR v, o3 2OV T 1] — 2B D AR L 5 e 43
2 s ORI B8 980 T IR A B K R S GA-
30 4 CSVM 83 4 1, PSO-CSVM 81 735 e £ . %
e ol I MR S A R AR R 5 Grid-CSVM 5k
0.2k Pohk L. PSO-CSVM 853 193k /N 4548 7 i
o = HEESG B 2R R, SLwmas LRV, A
L i il PSO-CSVM 553 5% fili 45 15 47 3500 5 1R 531 v 1

I i i IHE— I i
0 01 02 03 04 05 06 07 08 09 1
False positive rate
3 ROC fhi<k
Fig. 3 ROC Curve

RIKFNT 91, 11 % ABURE IR B 85. 71 % , 47 57 3k
F) 93.55% BT A g 54. 37 s, BEUSIE — E R F
T R BE 2R AR R K il 4 ) S R ) B SR L OE



220

k% TR

5 25 &

TR REA AT R RO LU (B SO R AR A R i Y L

S &k

(1]

(2]

(3]

(4]

(5]

CASCIO D, MAGRO R, FAUCI F, et al.. Auto-
matic detection of lung nodules in CT datasets based
on stable 3D mass-spring models. [ J]. Computers in
Biology & Medicine, 2012, 42(11):1098-109.
SHEN W, ZHOU M, YANG F, et al.. Multi-crop
convolutional neural networks for lung nodule ma-
lignancy suspiciousness classification [ J]. Pattern
Recognition, 2016, 61:663-673.

FROZBR, FILHOAODC, SILVAAC, etal..
Lung nodule classification using artificial crawlers,
directional texture and support vector machine[ J].
Expert Systems with Applications, 2017, 69.176-
188.

CAO P, LIU X, YANG J, et al.. A multi-kernel
based framework for heterogeneous feature selection
and over-sampling for computer-aided detection of
pulmonary nodules[]J]. Pattern Recognition, 2017,
64(C) :327-346.

FH.8 . 2HFHAF BRG] S0 6k & RN
KAENE CT E& o HT]. 2% #% T8,
2015, 23(2):550-556.

L1Y, MIAO ZH., WANG Q ZH, et al.. Sparse

tensor representation of texture guidance and its ap-

EER N

FE PEA979 ), &L EH KR AL
o BB WS, 23 5T 2003 4R
2006 4F 2014 4ETEE MO ARG 7 1
A A A, IO T R
/S | [ T = =35V = =R B o =R
N A A ) B PR AR Ak B8 5 TR PR A0F 5
E-mail: liyangyayal979(@sina. com

B (1989 —), Lo, H R K HE N
W5 A . 2013 FF R TR 23k
1522, B 5 1) Oy AR Ak 3 K
R 9, E-mail: 1151715878 @ qq.

com

(AT ARSI HoDE Rk 2 AR 4

[6]

7]

(8]

(9]

plication in lung CT images [J]. Opt. Precision
Eng. .2015, 23(2) :550-556. (in Chinese)

SUN S, LI W, KANG Y. Lung nodule detection
based on GA and SVM[C]// International Con-
ference on Biomedical Engineering and Informat-
ics, IEEE, 2016:96-100.

LI Y, WEN D, WANG K, et al..
Function SVM for Pulmonary Nodule Recognition
[Cl. ICIAP
2013. Springer Berlin Heidelberg, 2013:449-458.
EBERHART R, KENNEDY J. A new optimizer u-
sing particle swarm theory [ CJ// International
Symposium on MICRO Machine and Human Sci-
ence, IEEE, 1995:39-43.

F £, S, FET R SR LR B AR B A
WD k% M4, 2014, 22(5):1354-1362.
LIJ, GUO L H. Target threat estimation based on

Mixed Kernel

Image Analysis and Processing -

improved support vector machine [J]. Opt. Preci-

sion Eng. ,2014, 22(5) :1354-1362. (in Chinese)

[10] ZHANG ], CAOMY., GAI W, et al.. Perform-

ance comparison of ESVM and CSVM for classif-
ying the Lung Nodules on CT Scans[C]// Seventh
International Conference on Image and Graphics,

IEEE, 2013:409-413.

B #1978 ). & HMRKEAN
+ L B AT BT . 2002 4F 3515 4E 1 k2
2, 2006 4F 3R AR T MRS A
ZT  FEFNTFIRE K AR 5T
E-mail: tianying781104. student @ si-

na. com



