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Abstract

Automatic classification of breast cancer pathological images is the key to the development of
computer-aided diagnosis system for breast cancer. According to the characteristics of breast tu-
mor pathological images, a feature extraction method based on LBP prototypes was proposed.
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Firstly, some sub-images were randomly selected from the training images as prototypes and their
LBP features were extracted. Secondly, for arbitrary input images, the cosine distances between
the LBP features of all sub-images of the same size and those of the prototypes were calculated,
and then, the final features were obtained by pooling operation. Finally, the images were classified
by integration of SVMs. Algorithm is verified on the BreakHis dataset. The experimental results
show that the proposed feature ex-traction method is superior to some traditional methods.
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1. 5|8

FLIR i (Breast Cancer, BC) 2 4> tH i Lo P &0 2 FIAE T2 3 d e PRI i, 17 ZEL 00 3827 40 AT 2 S v S (1)
FESEIZWITVE1] [2] [3]. UM B2 o3 b — D0 e FERE IS (1 Lk A, 3l 2 7 2t B 22 1 5O FLIIR
Jerh 2 25093 2 2% (Breast Cancer Histopathological, BCH) B #E AT WLEE, AR 28 56 >R 4 i Ji e o2 1R 14 i A2 W 12k
BE UL BCH BUE N T 74328, & Mo TR A R A5, I HLAE DB G B 2 & 5K 52 2198 55 il
HES ISR RMEIE RIS . R RN, B85 ZAE N TR B2 Wk s 22 L K 1)
TAEfR, o BCH BG4 BAETHENE B2 Wb BA B 258 X (2],

BCH EU& 72K O 4 BUNEE 2 UG o R8s i — MRS, H T D& AR 2 538 X b7 175t
H AT KT BCH BB REIET LA NP R B TAE LS5 ST 1 4 RBEREE T IR BE 2 ST 1) 4y K
FETAL GBS 2 S R FEE B IR AL FE[4] [5] [6] [7] BRAEREURIEEE[8] [91 [10] [11]+ 432[ 11] [12]
[13]o FHRHIESRIRLESE . 2 BB B Spanhol 5[ 1171# LBP (Local Binary Pattern, J&j
#—{EA30). CLBP. LPQ. GLCM. ORB Fll PFTAS 2545, 4375 SVM, RF, QDA, Nearest Neigbor
Iy KRS MISE A T BCH B4 R %7325, Vibha Gupta Z5[ 13132 H! T —Foks Gabor. OCLBP. Fifh. 403
L RIRRIERL G, IR BEEHLE 0 A S o 258 X BCH G743 2607775 Shukla K. K.5Z5[14]
Pt 7R A SRS BCH BUGEAT B 3R AN 7328 (10 7732, A8 B 7 P4 e B 1) JRi font b
B, KA TWS #474%], F£% MLP, LMT, RF, Rotation Forest, SMO, Naive Bayes, J-Rip fil PART
EZ P RIEAT TR T URBES SRR, BRR 22 0 SCHRASE FH R B 27 T 1 7 156 BCHL M
5325, Pimkin [15]5F \CR BRI E 24 (CNN)ZER K 3EAT BCH U b, 32t /N ek AT 43 2 DA
HIA B EA KR, AR5 N FH AR AR B 46 B G AT T . Marami [16]55 NSt — PR 1 4 4k
HE incepin-v3 #1228 M 25 1) H 25257575 17 Spanhol [8155 A4 H T —FhIE T3 BB /NI Il 5 CNN,
IR G IR e NS A R AT B S I T

BIRNATC AN BCH BUE T TIRZ IR FL, H2, I IR B 77 1 IR0 2638 R 12 SRR B
ISR, R, 7247 8 BCH BB 73 281 STk b B Al H AR 2R AE 3R 30732, Herhr, Gabor LBP.
CLBP. LPQ %FHiE EZ N H T NS N G, A TGRSR, 5228 NI XI5 %1 H
K, MEEERAE— MR, JfHE@EE I — A B AE A R B A R DGR A (BRI . B )R =
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X5 . AHSE, 1ER—IlR BCH BB Ea & REARFRIEARSIM, FHABEE Mg, Wa B4, 1
H R e BHE A B BENL . Rk, X E EE 32 E LBP. CLBP. LPQ %4HE, B& T K&
XF 43 A5 R I X B B SRS B, W BT MBS R THi. SRH H e — Lo g s gy
fE, 141 ORB. PFTAS. OCLBP Z8HHIE, F77E [FREA ),

FLBRX PP — AR i, K EG  1 Pie 2 B o LR, SRS A R A LR AT 402K
BRGNS R ERIATER G, MBI AM SRR (B2, B0 UG R g 40 i 7 %) ok
LA S, mHTEEEXR.

NI, ARSCIRH T — T R A m SR IO . B, BENLH AT IR AR iR B A
/NI B (AR SCEL 10 > 10 EEE), FROAERL. R, STFERE—iEEGA—A R AL, HOR 58S [F R
KB T8, THESAS T LBP RFREFIFE AL LBP RRIEMI AR GXEE RS, FRIOILH /MO AN S
1P IEAE AARNZ IR B AR G R AR AR . R, B SRR I 4E RO R B AN B R . e, SRH
SVM 732K 34 IR 59225 BCH BT 7335 . £ BreakHis $di 4 347520, BUAS TR A0 SRR

2. BF LBP EREISLE
2.1. B EER

LBP f2i Ojala 5 A[17)75 1994 4642 th 9 Fh A AHER I R 5 M SO FOSET o JRAGHY LBP 51T
XA 3% 3 MBI BAA b R NBINE, SHIAE 8 AR R MR, 258 B RO (R A
KT O REE, WO EAFTHN 1, SIBREA 0, F18)— 8 6 —EHINE KEAMEAE B T
9% A1 LBP 479, ML T 1% 2 WHE BRI ES . (93 (x,,v, ) 1 LBP Sl AT e b
LBP(x..3.) = 2s(1(p)=1(c))*2" ()
S, p 4 NxN BB ORE MO p MRE A 1(c) e DB RWRIEE: [(p)
p MEEEIRIEN, s (x) ARUIF:
S(x):{l,xzo @

0, otherwise

FEH SRR AR U(LBP) R A T UG 7 K, —MREG R il T 1, gt b g &= 1)
LBP ZwfB B 75 &, R e B HE ke BRI R e & . SR aG 1R i —(E R 256 F, ik, &
AT LBP gfith (¥ B 7 & — A 256 4EI 1R &

Ojala 55 A\[17]08d SL50EH, 7ESCPREIUEH, 44X 24 LBP B2 RAS IR 1 ] 0 5iM 0 F
1 BRAE . MBS LBP Bkt L ER —JEHIEL 0 1) 1 80 1 2 0 B2 A PR, 2% LBP #oh—4
1] (uniform) “(EAE . 1 00000000 (0 BEAE), 10001111 (Jer 1 B62) 0, FErb 0 BEEI 1, JLAREEE)
e o) . T, bRl E G 1) 256 Fhigb o 59 . K 0~58 BE TRt (Blln, 1~58
FoRn 58 il A EAEE, 0 FoRIAE A TERIR) . IXFEE T IR 256 4EAZ R 59 4k, X AEFFRAE
) S R AE RS /D, I HL AT DA i A0 7 SR IR S o A SCIRAT TR F 3 5] B Smis(EAME R I3 5 1A
HEAHUE 0~58).

2.2. ETF LBP RN ZENE X

7E BCH g 732K, SiREUR AR A F TR NI, SR T LAS3 Dy T 48 A3 200 0 93 Al
FEAEE G PP A N HRITEOLT . H AT RSO 58 I 2R3 — 5 R, DT B
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RS Z BP0, PR R AN . At 1 — MR T LBP R ARAE, X B L SRR SR 1R
AT AL A5 S ASCRHESR B AR I I 1 fros, BAAD IR
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Figure 1. Schematic diagram of advanced feature based on prototype

B 1. ETRANSRFEHRRTEE

2.2.1. HEFHE

TN T AR EE, SRR LBP 4ifd, 5% LBP B1&; AR5 M LBP K&,
BEHLIZEL K KA mxm (7 B& (patch), {ERNIER, 1058 k NMRADNP, . GoitaE AL LBP 4ih5
BB, WWRNH(P), k=12, K o FEHm HUE M RNFES S KR .

2.2.2. $FERRENAEL

AL IR IR 1 (x, ), ASCHRHESR ISR A LA T SIS 5%

BPR1: MHEAME RN LBP 4ifd, 3 LBP B 1, (x,y), x=12, M, y=12,--,N.

I 2: 45 LBP UG Ly (v, 9) U mxm (0 FEIEB, ,, i= 1,2, M —m+1, j=12+ N-m+1,
Giitg A TR0 LBP S0 E 51, A H(B,, ).

B3 W FEANFRP, (k=12,.K), {5 H(B, ) fH(P,) (AL, idhd, (i),
i=1,2,---M-m+1, j=12,--- N-m+1,

B 4 X d, (i,7), RRARBTEBR% PR, BRRLHRERR =/, Lo ) -
AT =R AR

(1) B/ -

f = min d(i,j),k=12K (3)

i=1,2, -, M =m+1;j=1,2,-,N-m~+1

(2) X E/INE) n AR BUAE -
#d, (1).d,(2),.d, (n) Z{d,(i.j)}» i=12,M-m+1, j=L2- N—m+IFENK n A, W
& fikd (1),d,(2),.d, (n) FFME, B

1 n
fi==2d, (i) )
n -
(3) =T BIMH AR AE:
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A f RNTFRABIE 6 TG IR Z A, B
fi= 2 d.(i)) ®)

dy(i,j)<6

3.SVM 53858k

FESEHUE T LBP JRAHIRHEZ 5, R Z A SVM SRR T 5% BCH BEREAT 7038 B K A
R BRI p DAL, IR —ADSCRFAENL. &), APk RGeS EIERERILN s D SCRFIAE
Bl VBRI PR MR —EMA R, JREET LBP AR, H 5 s AN SCRFAENL
33, ARG RILIABER IR BT RS, BRI A M RER, WlA 2 Por.

{ SVM H eS| }
/ \
\

/
// Ny \‘
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Figure 2. Flow chart of algorithm based on SVM Classifier ensemble
B 2. &F SVM D EBRERNELRIZE

4. SEWRLER

AR A BreaKHis Hfs S0 HUA AT IOE , 128 4R 7E 2014 4F fH 2P0 P&D S0 % R4, AFEkH
82 fir A (1) 7909 Wi CLbRvE B FLAR R o BEZHL D) Fr B v v~ AR, e R R 2480 i,
JiboRg P15 5429 ME[11]. FEASE AR H 5 AKS - RO HE) RN B ALY A, i P&D L=
JRELE ARG . BRI 2 W A5 E R B2 R e A, Rl G g 2H 240 25 40 A S A B R 2
ho BRI RGB s 0], KGR 700 x 460, KFHVUFAS [H B 55040 %, 100 f%, 200
511 400 1%).

ARICIEFETBORAEHCN 40 (E s AT 525, MRIEYE BreaKHis 0408 FE WA, 043 % 28 AT X
FLHT 5 FE BE A A E N IR A R R LM SCR[11], RAZETEFKTFRIRAR, &N, NEEp I
FIEEUR, N, 2z E R R ER R, MR E T E SO

TR ZURFAE

rec

Patient Score =
p

SRR E A
> Patient Score
ACC=

* Total number of patients

FEVL R S, Jeidid TAL B FER 4K 400 x 256 FIK LRI, SR $E R T LBP J5UY AOHRRAE,
e, KM SVM 70 RES I 7 idoxt BB REAT 702K

AL, BEKBEALEL 200 DML, IR —MEMERI SR RIENL, R 100 K, 53] 100 > SVM
A WAL k DAk =5), XWENT KRBT R R TR e, SRR A )

KR
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4.1. [FREG KPR RG220

B, FATE SIS 7T R A G RN m SRR RIS . RS TR A RS AE R, BUR AN %L
K =2000, FRAEGKAN m 3R 6. 8. 10 Al 12, I HRAMALTTEE), RBISEENLE 1. o], 4
JFERIIINA 8x8 I, RIEE R miAE] 77.83%, HAEWMER/N, BRBIUF.

Table 1. Algorithm classification results under different patch

F 1. [ patch KINTEIESHEKLER

patch K/h Iy MG Ti%E
6 77.02% 2.46%
8 77.83% 2.08%
10 77.47% 2.27%
12 76.52% 2.04%

4.2. FEANHFHBIZREAFNY
TR RTINS BH R B R (52 m, FRATE E F A KN m =8, I HRAAL 5, JERKAN %
K 73518 1000, 2000, 3000 A1 4000, iR 5IH458405E 2.

Table 2. Algorithm classification results under different patch numbers

F 2. T[] patch HE TEESLLER

patch % & TRKEE 5%
1000 77.02% 2.46%
2000 77.83% 2.08%
3000 77.70% 2.29%
4000 77.20% 1.39%

WEL 2 A4, JRAEER K =2000 I, BRIFHERNEERE, N 77.83%.
4.3. ARIBLEMEXHRRIZE T

N TR FAF AR a5 R A5, BATREDE R R K N m =8, JRRNEK =2000, 735K
SRR AR . FEVALTTVEQ)RIERES, B n =50 o FEMALTTIEQ)IHRMESY, B 5 =0.3, Al
R /AN T 0.3 FIBEBERAN, 1321 H A MRHIE. SEIREs Rk 3.

Table 3. Algorithm classification results under different pooling operations

3?3 TEIMBRIETEEAS RER

b2 AY I IR %
J7(1) 77.83% 2.08%
JiEQ2) 79.66% 1.99%
JiE(3) 74.39% 2.96%

bRl a, SR T EQIIR AR E, IAF] T 79.66%, HIrZEf/h, HGEm 7i%k1).
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4.4. SVM 1 SVM &R BILL 8

FATIEE 1 SIS ASSTHE ) SVM AR B AT 5L SVM B3EAT LB, S5 R ILE 4, W AT
SEH M SRR UNE R E TR TR R R

Table 4. Classification results

F 4. pAER
Hik Iy RNEE 7%
SVM 74.70% 2.15%
SVM £k 79.66% 1.99%

4.5. MIMBEHEMEER

2% 5 BA IR BT AN BN A SOk P — L85 1 AE BreakHis BUARAE SRR XL . BT ERAs AT DA
KEL, M FLIRIE R B KA A A, ARSI R IEIL TSR — SR e, B2 T — S E %3]
FHIE

Table 5. Existing BCH image classification results

5. I7Z BCH 9 4R

Rk Ir N RE
LBP +SVM [11] 74.20%
LPQ +SVM 1] 73.70%
ORB + SVM [11] 71.90%
ResNet34 [15] 76.00%

5. SEIRZER

ARSCER xR PR ), B SR T — AT LBP R ARAIE, HEEASEAEE, SERENLIM
RGO B T UG AE N SRR, AR U LBP RFAE, LU SRAr R 1 5 4 AR 200 ) T 25 B =
SRJE X TARER AR, SRR AR R F RN A 1 B R LBP $54E, I SRR 1 A i
PR, fieJa ot B E — A B AT AR AR, B RN FE R R, AR AR MREIE s K,
Feth 1 — AT SVM 73 S E 4R 3L s 3 BE BB 70 SRR o 7E BreaK His #udls P L0 VA HEAT 1 IR,
TR TSP AN R 2 o0 7 A5 RSN, SR S5 RR A SCRER A Rk .
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