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Dynamic noise index and segmentation algorithm

for breast ultrasound tumor

Zou Haipeng' , Gong Xun', Hu Bijie', Luo Jun’
1. School of Information Science and Technology, Southwest Jiaotong University, Chengdu 610031, China;
2. Sichuan Academy of Medical Sciences, Sichuan Provincial People’ s Hospital, Chengdu 610072, China

Abstract: Objective Breast cancer has become one of the highest mortality rates in women. The incidence rate of breast
cancer has been increasing in recent years. Early diagnosis of breast cancer is the key to treatment and control. Clinical
data show that early diagnosis can reduce the mortality by 40% . Medical ultrasound has high accuracy, without trauma and
radiation to the body, and requires extremely low cost. Therefore, ultrasound is often used as the first choice in medical
diagnosis. Computer-aided diagnosis combines the powerful analysis and calculation ability of computers with medical image
processing, thereby immensely improving the working efficiency and reducing the missed diagnosis and misdiagnosis. Deep
learning has achieved excellent performance in various semantic segmentation tasks, and its accuracy is far beyond the tra-

ditional method. A common application of deep learning is focus segmentation. The focus area is the location of the lesion,

%5 H H#A:2020-05-31 ; & [B] H #7:2020-07-07 ; FEN 7% H #:2020-07-14
E&UWE K ARFEIESIH (61876158 ; U114 H A MF AT H (2019YFS0432) 5 v sk iy I FEARIIT I 55 2% L 1T 5% 4
Supported by : National Natural Science Foundation of China (61876158) ; Sichuan Science and Technology Program (2019YFS0432)
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which is usually part of the entire ultrasound image. Before diagnosis, the focus area is divided as the region of interest. On
the one hand, it can reduce the amount of computation to improve the speed of the algorithm. On the other hand, it can
reduce the background interference to improve the accuracy of the algorithm. The training of deep learning needs a large
number of training samples with accurate labels. The precise location and segmentation of the focus area need to be manual-
ly labeled. Breast ultrasound results in low contrast and resolution, high speckle noise, and blurry boundary between
tissues because of its imaging characteristics. These problems make accurate labeling extremely difficult. At present, breast
ultrasound is the common method for experienced doctors to accurately label the focus area. However, this labor-intensive
work aggravates the workload of doctors and seriously affects the diagnosis efficiency of doctors. Thus, studying the auto-
matic location and segmentation of the focus area in ultrasound images is of great significance. Although the ultrasonic seg-
mentation data set marked by doctors is uncleaned many times, many inaccurate marks are found in the data set, which are
called mark noise. The training set will immensely affect the accuracy of network segmentation when it contains a certain
amount of noise. To solve this problem, this paper proposes a dynamic noise index (DNI) and a novel loss function to
achieve the segmentation of breast ultrasound tumor in noisy environment. Method In this paper, DNI is proposed to realize
the detectability of noise. The DNI is then updated in real time during network training. At the end of each iteration, the
DNI distribution of the entire training set is calculated. The detection of noise data is realized through the monitoring of data
distribution. This paper proposes an improved loss function to enhance the performance of network noise detection. This
loss function combines DNI to reduce the influence of noise on training back propagation. To verify the effectiveness of the
algorithm, the DNI and the improved loss function are combined to form a noise tolerance framework. The framework can be
applied to all types of segmented networks. The experiment is designed into two datasets, namely, open breast tumor seg-
mentation dataset of Breast Ultrasound Images ( DBUI) and Noisy Breast Ultrasound Image Dataset ( NBUID) . NBUID
consists of 1 305 rough labeled breast tumor images. The validation and test sets consist of 500 exact annotation samples.
Five hundred samples cover different nodule shapes (round, elliptical, irregular, lobulated, etc. ), different nodule sizes,
different nodule boundaries, different internal echoes, and different growth sites. 350 of them are test sets, and 150 are
verification sets. Result In this paper, the noise tolerance framework is combined with three segmentation networks, name-
ly, U-net, PSPNet, and FastFCN. The test results of DBUI30 show that the network with noise tolerance framework is
8% ~12% higher than the original network. This paper constructs a data set of 1 805 images of breast ultrasound tumor
segmentation. Combined with the noise tolerance framework, the performance of the network is improved by 4% ~ 7% .
Conclusion The proposed DNI and segmentation algorithm can effectively suppress noise and achieve stable segmentation
performance for training data sets with different noise ratios.

Key words: breast ultrasound; breast tumor segmentation; noise annotation; deep learning; loss function
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B2 AR R . ARG R 10 1% 55 9 2% ((back
propagation network ,BPNN) 478147025, &5, F
H K JE4F ( k-nearest neighbor, KNN) #4743 2%, 15
E2lphe kA

DL b3 8005 R R e T i 4 vh AT 92 0
TE TR RS SR AL 5 W75 1 37 5, XS8R AN R
PRARGF AR o AR SCHE T 75 KGR 43 4T 5521
BTG A5 BB M DRI T T R 4 2
10 7L N 75 TR 0 I HE 2R SFONT i i SFONT
RV IR 75 o] P 26N ) T 400, 19 48 B i e i ), DA
T e TR A A M
1.2 #HlEEFS)

PR R 27 ] B H b 2 i NECH e B v A e s i ah
oM ] RESE R YRR RE . AV 2 BT R M A AT
) TR AN B AR o A PSS, SRR R
B I G- W 25 2 P90 4% TR i D i 2 70 i)
RIZE 45 . O T IR B BRI R H A, R 2807k
HR o ST — BT IO 28 A T M P B AR 2, 7]
i, AT A R N R Mo 4 TR AR R AR 25
FLICHRZE A (Hu 55,2019a) o i HY TG 5 53 12

A R R AR [ s R AR C G LS AN
FhABLZ 18] 1Y) 22 57 S FF AR 1 I8 P ] BB (Liu 4,
2017) o BRI, TE53 HIAT 55 v, AR HE 4K 3] M 75 5040
TR Z (A EE 2R o

TR TR 4, AT LA i Bk CNN
( convolution neural network ) [ 4% 8% 51 2% R ECk I 25
SEAF RN 2R AR N AR Zad R rp R o
TR T AT R & B R8s 4R b 15 3] — 4
T EAE AT DX, Yi Fl Wa (2019) AR 45 24~
GRBr B i) 3 A X)) W A 5d s EATIE U . Hu 58 A
(2019b) FIATAIALFE L, 3k cos PREIAY 431 S I 44
FEATALEE o XM JE AT DL AL cos PR
S INER 3 FEA YN ZRAE

2 AXHEE

2.1 HEREEH

FERE R o B ), YN ZRER th s F i, X =
xp,xy o x, VALY = dyy,, ey, | o BRSO
AR 2 AR R x, AR — T Y R S
BIR y, o SRIMAEASCHTTE R S5t b FEAR 1A % n] BE
SERRERAY o AN R 5 P A B R A 2RIk,
ARSCHAT T AR 2%, 28 HE (intersection over
union, loU) J& & WL A R 22 20 EUCAN s 8, R

lly=c Uls>dll
=Ty =anis>d] (D

Ko, y REF TAREMFURSS T ERER, y 0%
B UG AT B i 11 o ¢ AR SABR 2, 1 AR
M0 AR T Ry = UKy THH N ¢ 1Y
K3l d HEIME, {1y >di FRKT d 1 RIBR AR,
o AR dHO.5,

ASCAE ToU B AERT B, R 1 5000 25 SR AR A
AFHLARE R, 153 T Sh A5 F5 %0 DNL, 3508

[y =¢ct N iy >d}|
BEX (2)

FIJH DNI e 4] e £ 4t 78 1 25 v 1 40 A 15 0o
K 4 Jern T AN FEIIER B B, Kiodta 46 vh T Ve RE A g
PRI AR o P SR T A 48 2K eR Ik 32 SIS
( CrossEntropy-Loss) ,loU fCE A I ZrBELE R, 7]
PURE L, ENGREE RN, TR 2 M 28 AR T
GBI, TR e A BB S . (HR M A Rl T
YR i 3 A A8 A0 RN T i 55 2 A7 e X3 Y

D=1-
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A BEIAFAE 3 XI5 1A X (DNI< 0. 3)
RFR > o T B, A RS RO . 5 2 A X
(0.3 <DNI<O. 5) -5t Mg A 1 e —ikg o 26

34X (0.5 < DNI) Ko My lers o BT XA K
B, ASSCAE Y G o A v R T 2% e M il 2k L UL
DNI G347 , I3 21 P4 i 4R A TS o K TS TR A
A PR [ o B PR P N R B By U . 4 T
[AIFR RS KT 0. 4 I, #512K s B S 8w TR SIS

250 - WA 200 PN - W 250 - MR
200 - tﬁi&%}% \ 10 | Ilﬁ‘«%’r;ﬁza‘ﬁ 200 L4 l‘/ﬁﬁa‘%
13 150 = @ - il 18 150 | !
= 100 - FR FR 100 F \
50+ PO A W or 50}
0l o e - ol e o bbe” - |

TR LA 53 e 7 I 25 T R ) 4
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S Q78
DNI
(a) 37.76% ToU B Al
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.\a Qf}a '\).

(b) 62.18%IoU A/ A I

PP & RSECCRS
< <
DNI DNI

(c) 72.62% ToU AL i 5]

B4 A F s (A R ZRE Be) DNL 23 [
Fig.4 DNI distribution of clean data and noise in different training stages

((a) data distribution of 37. 76% IoU;(b) data distribution of 62. 18% IoU;(c) data distribution of 72. 62% IoU)

2.2 DNC-Loss

A2 FIRRL vp R 22 2R HIH S F000 DX sk 5 5
DX ) S SR S A 2R RS 52 ST SR A
EEFS ESIIIRANEPNIFEN S S S SOl WD
ARV R P IR R i 555 )

Lo == -3 Yy logf(xi0)  (3)

i=1 j=1

K, v, TR IREEARRER j 25, x REFLIRE R
F1%, ¢ FoniE Loy ET 55 438 H bR Fp g, 4
SCH e BT, RORFURMIE o S BB T, 0 2
KNS EES .

%58 038 XN 5 FAAe , %R TR 237 5 (136
NiRE ST AH R, B2 2= BR300 AN B
(class imbalance) [F[a)#1, i I BN RS9 R
ZIRET X FRN P IRAR e > B RE , A
T FEAG P 26 145 %41 o Focal-Loss ( Lin %§,2017) 7F
H bR AEZL R g4 1, % o i D2 R S8y g ]
#AK |-, Focal-Loss H A HE 7 DR B A% 1 fRj 8.2 5]
X G TR, %ot T FRMERE AR (127 ) A 1

A 1453 2% R B AN RE B3 il s, A 3¢
SEAAE U RN Focal-Loss 42 1 2 75 e 75 24 o8 41 2k
DNC-Loss, fERHEM EMEA MBI T, 8 T ik
TR G- APl A T R ) a2 M s i 1 s
DNC-Loss i i) 21 25 M 75 $i5 £35S 200 P9 F 50808 119
XAk 3, X F 1 ¥ 4, DNC-Loss 4§ T+ Focal-

Loss, S UEH (S [tk . WIEL S s, X T
Ki , DNC-Loss 4 Hi—> B[] B A5 45 HOR s i
o] {35 H6 . DNC-Loss 7154

Ly =_%iKL(%Hf(xi;0>) (4)

KL(y,|f(x;50)) =
- a(l - f(x;;0))"log f(x;;0) (5)
A, a AR RSP I SRR AR AR B i S
FLBIANES A a 20 ot > 0 BEA SO 5) 7
SAEA YR, AT B S T T R ME B9 L B 20 B R
Ao SRR, BhASHY w Al AR A [R] M 7 K50 114
TR, H 55 M P X R 2% ERI B o TH5

° o’
o
° °
vLH%j;E:lz | DNI //' ®
el — A o
p e . [ ]
DNC-Loss
° [ ]
o °
o Tk Sl
o gt e
5 O O

P15 DNC-Loss X M iy 0 il A1k R HEREAS 1) 42 4
Fig.5 DNC-loss for noise suppression and

difficult sample mining
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,u,:'y+relu(Ni_%T+gD')xw (6)
0
relu(x) = {x ik (7)
0 <0

X,y SRR o — R i D2 S AN 2 ) el
@1 @, TR P i T AR TSR AL AR o IV, AR
FH I HEAH DNL, oo FHA SR WP 10 558 B2

3 KWHERSHM

3.1 HBIEREREMIER

ARG B AL S B . 5 1A IR
AR L P g 20 B R 4 DBUL, B4 437 R
PESSTIAN 210 SEMESEYY . DBUL 408 AUREAS 1 O
RERARTE o S 1 DN AR OO 12 110 g 7 G DU P B 425
HBCE B A BRI 10% 20% 30% FiI 50% (11
AEE. X 4 A EdE % 2y i 4 4 DBULIO
DBUI20 .DBUI30 .DBUIS0, 10% .20% .30% K7
T A5 B 00 3 ) 28 R0 MR 7 ) PE BB AR AL, 50% 1 gk
T LA AR 0 3 0 245 P v M 7 L 91137 5 4 M
FEVERE , [HJE 75 B2 vy T 50% M 7S A4 X030 4R A
o SIS GE 6 FrR . 5 2 ANEdiE S NBUID
(noisy breast ultrasound image dataset) > U J1| 45 =
Bl A BT 1 805 MRFLARE A EUE . 24
W, AR SOk IE T 500 T A AR SR IR R AE T L
Fric, H B 5 AR 45 1 2R CEDE 6 B A B
FIPIRAE ) AR5 95 RN AN TR &5 35 140 741G
O AN TR A3 [ 75 47 150 FRAS [a) A R BB o7, Horr 350
W A, 150 MR AR B E4E . F T R 1 305 i
VERSERINZREE 64T T TARTE , AT KKy,

'S E é ;, ~ _4 — =

- |-

&6 #shnik DBUI (i
Fig.6 Noise added to DBUI
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RS ARBIE T T et s R 0 i A A X
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SR EEREN AR 0 SO

foUr = X021 (8)
ly Uyl

rpR = 1201 (9)
[y

FpR = 12Uy =yl Uyy‘y (10)

A, y FORBRIFI R 1 bR X I, y bR
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BBy, 27 T 45 SR 6 s 40 R 0 R 1 1
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GE i
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AT B SR AR BUR W X T 2 NS
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HE TR, FELE T, BB E o N 10,
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3.3 EREENIERSHT

IRUEAS SR eR R T A R, R 4 FRAS
[R5 5% R B R AT L3 ; CrossEntropy-Loss |, Dice-Loss |
Focal-Loss #1 DNC-Loss, 3K 5647 &) /] 2% % £ Fast-
FCN, it 15 M 75 48 2 DNI 7£ DBUI30 | i 17 X kb
BARSCI AR AN 1 PR , A SCHE ) DNC-Loss X
FLIR IR 1Y 73 F 32 IF e Ry 74.04% , FLBH R L
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Fig.7 IoU of different w and y values on the test set
((a) IoU of different y values; (b) IoU of different e values)

x£1 FEFRKEHE DBUB0 S R L%
Table 1 Comparision of segmentation effects of
different loss functions on DBUI30

fite HARHL, 7E U-Net (28t HUS 1 10% 128 FF L
PETE B PHE LB REAIR T 9% o fF PSPNet b4 M5k
R, iR 5) 12% A2 IF Lud T S 17l S
B AE AN R MRS BR BT HL A TR R R AR, LI TE
NBUID ,DBUI .DBUI10 .DBUI20 #1 DBUIS0 %5 5 /%
e FiEFT T, SRR e IF LA R 3
Hi%i . M DBUL il DBULLO [ 5o 2t %t LR &
M R R 2 PR RE RE . BT DL SR AR
BORAERLA T IIZREE MRS 2 )5 , 48 S 500 1E 8 4K
it A0 35 1 RE T I SRR . o3 I 28 FE 45 G il e B
Bz Ja, oU B4R E T 4% ~ 12% . 78 H @ 5h 4
NBUID [, U-Net 4 4 SFONT Bt 158 T 4.5% [ IoU

&2 7 DBUB0 L REIMZLZ & SFONT B4 8RR LLE
Table 2 Comparison of the segmentation effect of different
networks combined with SFONT on DBUI30

PN L% HATER /% BB %
CrossEntropy-Loss ~ 62. 65 69.92 27.53
Dice-Loss 62.93 71.09 30. 94
Focal-Loss 64.72 72.85 29.33
DNC-Loss 72. 04 81.26 17.42

Jrik SE/ % PR/ % REETERL/ %
U-net 61.23 69. 67 30. 98
U-net + SFONT 68. 18 78. 46 21.42
PSPNet 62. 84 71.27 28.92
PSPNet + SFONT 72.78 80. 22 19. 42
DeepV3 62. 08 72.39 27. 65
DeepV3 + SFONT 70. 60 81. 14 17. 88
FastFCN 64. 38 74.09 25.85
FastFCN + SFONT 72. 04 81.26 17. 42

T L A B8 e

FHT, AT FLIR LR B = . DBUI il
T 2020 4E KA, H AT AR B T o B4
o PRIIHCAR K 3 It 8 1 R i 18 B 0k iy T T g 7
B AR S IR B BEFR S I SFONT 5 PR BE .
R 5L 58 Y W 2% . U-Net ( Ronneberger %%, 2015 ) |
PSPNet ( Zhao 45,2017 ) . DeepV3 ( Chen 5%,2018 ) Fll
FastFCN( Wu £5,2019) #52R FI1E & 4R L IS . 25
4 SFONT B, R Bicdi 2 s B0 73 XA .

2§24t THE DBUI30 Hy, 75 i 5 75 20 AE 42
FIEAE 26 1 43 RE X L, 26 Hh B8 0 s A SCHR
R TE A B T 28 P B T R] S R M

L L AR BB B A

%3 FREHIEE L SFONT ) ToU MAELL %
Table 3 IoU performance comparison of
SFONT in different dataset
/%

ik NBUID DBUI DBUIIO DBUI20 DBUISO
U-Net 70.34 71.87 67.72 65.09 52.44
U-Net + SFONT  74.86 73.92 72.61 69.17 61.91
PSPNet 69.56 73.04 65.51 63.39 56.04
PSPNet + SFONT 75.11 76.21 75.32 73.34 64.23
DeepV3 65.87 76.04 67.43 64.62 54.18
DeepV3 + SFONT 69.96 77.51 73.72 71.83 67.17
FastFCN 71.20 75.28 69.32 67.61 60.53
FastFCN + SFONT 78.54 76.29 175.76 73.41 68.56

T L AN RS R A
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