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A Self-training-based Label Noise Correction Algorithm for Crowdsourcing

YANG Yi' JIANG Liang-Xiao“? LI Chao-Qun®

Abstract In order to solve the problem that a certain level of label noise exists in integrated labels obtained by la-
bel integration algorithms, this paper proposes a self-training-based label noise correction (STLNC) algorithm for
crowdsourcing. There are three stages in STLNC. At the first stage, STLNC employs a filter to get a clean set and
a noisy set. At the second stage, the weighted density peak clustering algorithm is used to construct the spatial
structure relationship between low-density instances and high-density instances in the dataset. At the third stage, a
noise instance selection strategy is at first designed according to the found spatial structure relationship. Then,
these selected noise instances are corrected by the ensemble classifier trained on the clean set according to the de-
signed instance correction strategy, and the corrected instances are added into the clean set and the ensemble classi-
fier is retrained. The process of instance selection and correction is repeated until all noise instances are corrected.
Finally, the ensemble classifier trained from the last round is used to correct all the instances. Experimental results
on both simulated benchmark datasets and real-world crowdsourced datasets show that STLNC significantly out-
performs other five state-of-the-art noise correction algorithms in team of the noise ratio and the model quality.
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P TR, FE AL ST Sl R A L -
BRMEZNAREIN, XS AT AR, K15
RS FHEAL Sk TN TRE S/ =P iERUR TN TRE. 5% - R7 )
NEEAS S 1) 22 W P A B rh PR tH — AN S R 4R
RebRig. HAT, ©28A 00 AR 10 5 B EE T
oAl T ORETTAE, Fln: MV (Majority voting) 5
#EU ZC (ZenCrowd) 5%, MNLDP (Multiple
noisy label distribution propagation) &y, M3V
(Max-margin majority voting) &%, QS-LFC
(Quality-sensitive learning from crowds) 5y,
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L IER L CC (Cluster-based correction). FF
Fe T B S S ORI PR AR B AT AL AR
RSEB PRI, XA LS BIAAAE AT 1205 IR AE I
RE_LARAEAE T4 T MBI R S, (B CC Bk
FEIN [ 22 T7 I 2. CC Btz G AR & T 2
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33 KA W BRI . T 2 1 2 1E 1 SE 4
AT, R ZE B AEIE A R AWK, 33
STC FIEBUR 3240, 2) i i JEA3 2 113 FEAT R
AFAEME 7 S, T STC FVE R AE T4 LIl 2R
AorIRas A IERE A, BRI 2R 0 R AR A IE



832 H o o E R 49 &
MORAE; 3) STC MR TR IMFEISMY s T T
AR, R A B BT & AR IE 8, M o

DAIRAS B 4 1) A 0 b 10 M 75 4 TE R

X STC BARAFAE A R, ASCIR T — 4
FT BUIZRK AR EARIC A A IEFE (Self-training-
based label noise correction, STLNC). A3 [A]
FHA5 LR R R 6 R L S AR L B R AT T SEAIEAT
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BRLE, MFEREEEK. o T REEEE D hig
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me{+, -}
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A GG BRSO A AR AR LS
B, BT T STLNC (55 £ 1F S m:

1) 4524 x; AR BARICBEE e, KT EN

e; = Entropy (P;) = —

BAE T, 5 g 2R AR 10 B ot B, 2R R
KA o, AT IER, R 2 HILE (Majority
voting) HISRBEXNT z; HEATFRTE.

2) LM x; R ICEEE e; /DT HER
B T, W5 ; 2R AR I B o B . 2B o)
RN o AT IERT, KA LR E (Consensus
voting) HISRIEXS @; BEAT AR, BRI =70 2R 84T
PREERAANR], WX & BEATALIE, RIWAN IE o, R

ZE BT, ASCHEH I STLNC Hik 4P
BN 1 o,

3% 1. STLNC B3k

. WHRRPRE O BIRE D = {(2i, 00}, S
bR EAE R T

. AR TREEEE DL e

R CF iy k& D/, ¥ D' 73 T84 D,

FILEFEEE D

for i =1 to sizeof (D’) do

HRHE S & (2 R AR ICEE Ly, 39 « IR0 Py;
end for

for i =1 to sizeof (D’) do

for j =1 to sizeof (D') && i! = j do
THELSAE) o F 5 2Z (A1 w, 5
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TR dyy THESH] & (KRB B oy
MR dij M p; TS i 1 65 1
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SRICHAT 18 170 90 R I SE B 25
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count = 1;
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count = 0;
1t D, LGB 248 M;
for i =1 to sizeof (Dcoypre) do
if previous; € D!, && next; € D,
T R L oA MO S neat; 15 RS2 2
IESRBSHEAT A IE, FEIAT44E DL;
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AR BT 10 B AR FS BRI Deouple

end while

count = 1;
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count = 0;

1E DL FINSGRE S 253 M;
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for i =1 to sizeof (Dcoypie) do
if previous; € D!, && next; € DL,
S R 2R MK S previous; F2¢ HB s3]
A IESRIE AT 1, FFIMATF#4E DL;
count+-+;
end if
end for
AR B )4 B A 5 SR T Do
end while
PAFI G — FOAEH VISR R Lo 228 M
FH M5 D7 A ETE SEBIRAT A IE, 38 D!

/
return D] . ..

2 SKENRITSERD
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R, AR STHEATT F A o 240 8 R 1 S Ak B 204t 4
badtAT TSRS ¥ STLNC HivkS Hur b A seidt
(1) A% A b i M A 4 R SRyE PLIYL, STCP, CCl
AVNC!" FI CENC!™ 7 IE f5 $4f 52 4 75 L BL K
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A T 5 1R A0 0 B 4 rh AR bR il S SRR IE AN A )
S I o AN O S E A B BB (Model
quality) & CNFEA IEJ5 I A B 5006 5 B2k B
43 AR (R 0 aORS E

FH CEKA (Crowd environment and its
knowledge analysis) “F- &7 AL | STL-
NC HiEM CENC Bk, FENEH 7z adlan
MV, PL. STC. CC 1 AVNC 5Hi:f1 WEKA (Wai-
kato environment for knowledge analysis) “F- &
FIA 1) K-means 5%, C4.5 5k KNN (K-ne-
arest neighbor) 57%F1 LR (Logistic regression) %
.6 PhAVEL bR Y IR A SR R B A R

1) PL: PL BEAE A IR 73 K48 C4.5;

2) STC: STC FiEAT /32K 85y C4.5, f#
MBS 382N CF (Classification filter) i €25
T LA A TR 1R M S S LA R 0.8

3) CC: CC FEM M 5EKT7 18 K-means
RFFL, ZEEPAT B E N 10 &, T#EH O
AR E N 2 BIHCE & S A B0 —2F;

4) AVNC: AVNC B 35025888 C4.5,
e R 4 RN R /MHE PR A B E N 10 4,
WZRE > RN EN 55

5) CENC: CENC HyEMEH I35 K &N
C4.5, YIZRI) 5 KA HORE N 10 A, 1Ll 2
MR ARG AR IR B RE T W &N 0.1,

6) STLNC: STLNC 548 A i 5E Rl o 288
i C4.5. KNN (K =3) Al LR #Jk, g as
N CF i Je2%, #WrfE s d. W s M ®E N 0.2, 52
il 22 W s AR e A SR BIE T BN 0.1.

Hrp, CF W JESR R A HER £ F108 10 MK
ANFHIEN 75, T ELT s R i 25 0 S 2 R FE O C4.5.

2.1 HEMREREE ERSE

N T BE STLNC FEAN R TN ot B AN A R Ak
TR, ASER T 22 A 4 bR HE 4
H 477 S SRR AN [R] b AT 1 TN BEAT AT, #
fafm SRR 1 s, Hor “#Ins” Ron Bim ek
B B, “HAtt” Rom B 5 e il i s v 4 L
“HPos” KonPRIC N IE RSB KR, “#Neg” Konbr
AT SEGIEE. Oy 7RI RE &AL
BRI e AR IC AR, 8 P A e SR R 1 S o1
FhRL, FIRBI T 9 A T AR BN LT Fr i
WA, KA T AT R E N p, (j=1,2, -,
9). EARRERFNDTAA p; FIBER G SLHIFT L6 br
it, 1—p; FBERITHHRbC. EAEERE, Sk
S B IE BRI AT p; BEREFIARE, 1 - p;

R 22 M EARERER R A fA

Table 1  Description of 22 simulated benchmark datasets
AR #Ins #Att #Pos #Neg
biodeg 1055 41 356 699

breast-cancer 268 9 85 201
breast-w 699 10 241 458
credit-a 690 16 383 307
credit-g 1000 21 300 700
diabetes 768 8 268 500

heart-statlog 270 14 120 32
hepatitis 155 20 123 32

horse-colic 368 22 232 136
ionosphere 351 35 225 126
kr-vs-kp 3196 37 1527 1669
labor 57 16 37 20
mushroom 8124 23 3916 4208
sick 3772 30 231 3541
sonar 208 61 111 97
spambase 4601 57 813 2788
tic-tac-toe 958 10 332 626
vote 435 17 168 267
climate 540 20 494 46
colic 368 22 136 232
monks 432 6 228 204
steel-plates-faults 1941 33 673 1268
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WE R AR PRI LI IAZE.

N T ARUEFEAS [F] TN i &R S5 25 0 vl 4
PE, JATRE TR TARER T %

1) 1255 1 N RIS, BTA TR AR R
HEREN 0.6, Bl p; = 0.6;

2) TE55 2 AN RAIISLE BT TR AR R
= 5 A5 I X 1A [0.55, 0.75) BEHLAE B, Bl p; €
[0.55, 0.75].

TERBEASZBIRAG 9 AN A s B FRid 2
J& , AU fe 4 e bR id SE VR MV SREEREAS
SR AR AR AL, FERE R SRR AL RS 1R H A S e
LRI G AL T R 2 4. AR5, (6 6 FhoAS )
T A% LB 0 M 7 4 T SV ) A5 A 4 AR E A AL B
I 4 r 1 M 7 S AT RO IR IE, H bR o AR
WAEA E G MBS R TIINE. B, AT
A EIEE & MAEAR G M IEEEA IE S
frynge 7 L DA R IR I . E A e, 51T
il BE B e 75 LUAS [, RATTHE PR I A 2 I £
B ER T 10 $758 X SGIE 77 7%, 4 i A& 7E [
— AR A I AT AN F SR IR T A R0 2R

2 MK 3 VRAIEAR TAELABE p; = 0.6 1
THOLT B FIEEA R ERSRIR g R . R4
2 PN IE S O SR e A L DA KR 3 i
BT, ASCRH] T BURFHE R (Wilcoxon) £55
A B 20210 Sfe L A Sy FH B (K 4 — X b 1 e A5 4 IE
k. 2 4 IR 5 oyl R T AR S0 i EUR B e
ARSI I i g . 75 <o R AT
o SR ) AR T R A R R SR, AT o AR
A RSB R AR T RAT R R, &
XF A 2% DA X33 2 3 P KSE D o = 0.05; T 3204
FLE LA B IX IR 2 K o = 0.1

R2~D M T 1A RISLK K VEAXT L,
BIE 7 STLNC SVALE 5 B 4R i o B AR Y
R A R, HARSsR T

1) STLNC SHiE 2 1E Ji5 (1500 4R (1)1 35 1 7 L
N 12.21%, & T MV (27.45%). PL (21.97%). STC
(19.77%)+ CC (18.60%)+ AVNC (13.69%)
CENC (15.08%).

2) STLNC H3k2 1EJa (AR S I 2500 H AR

* 2 TR 0.6 IR EEXTLESE R (%)
Table 2 Noise ratio comparisons with p; = 0.6 (%)

e MV PL STC CcC AVNC CENC STLNC
biodeg 28.25 29.95 28.34 19.53 18.48 21.90 15.83
breast-cancer 27.62 26.92 25.87 31.12 26.57 29.37 24.84
breast-w 28.76 9.01 19.31 10.30 9.16 8.44 7.30
credit-a 26.67 20.00 15.94 18.84 13.04 13.33 12.90
credit-g 26.60 27.40 28.40 26.60 25.30 27.50 26.40
diabetes 26.69 32.29 26.56 26.95 23.70 23.96 22.79
heart-statlog 25.19 19.26 23.70 22.96 24.07 25.93 18.52
hepatitis 30.32 19.35 26.45 20.65 27.74 25.16 30.97
horse-colic 27.72 32.34 17.39 21.20 17.66 14.13 14.13
ionosphere 27.92 16.24 21.65 9.12 10.83 13.39 11.68
kr-vs-kp 27.38 21.96 10.45 19.34 2.19 2.85 2.28
labor 31.58 24.56 24.56 15.79 12.28 31.58 7.02

mushroom 26.71 12.65 6.43 4.30 0.04 0.10 0

sick 27.60 2.60 8.83 10.31 1.78 2.28 3.37
sonar 26.92 31.73 29.33 24.04 25.00 24.52 18.75
spambase 27.02 27.47 19.50 14.78 9.11 10.56 8.06
tic-tac-toe 26.20 34.13 23.07 24.43 22.44 22.23 14.61
vote 25.98 4.60 10.34 11.26 3.91 4.14 4.14
climate 27.41 8.52 27.41 14.07 8.52 8.52 8.52
colic 27.45 22.28 20.92 23.10 14.13 14.95 13.59
monks 26.39 25.00 11.34 21.76 5.32 6.71 2.78
steel-plates-faults 27.51 34.98 9.22 18.70 0 0.10 0.15
SFHIME 27.45 21.97 19.77 18.60 13.69 15.08 12.21
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Table 3 Model quality comparisons with p; = 0.6 (%)
Bt MV PL STC CC AVNC CENC STLNC
biodeg 71.37 75.91 72.13 78.77 74.34 74.21 78.29
breast-cancer 67.00 71.28 69.98 69.08 70.92 68.13 69.73
breast-w 92.85 92.47 90.68 93.38 94.00 92.85 95.54
credit-a 82.03 84.78 84.49 84.78 83.91 83.04 83.48
credit-g 62.20 68.30 67.40 69.70 67.30 63.90 70.40
diabetes 71.74 70.56 71.50 70.80 71.72 72.12 74.00
heart-statlog 65.56 74.81 67.78 70.00 74.07 69.26 78.15
hepatitis 69.00 77.67 71.33 77.50 72.00 70.17 74.17
horse-colic 77.42 78.11 80.00 80.15 81.62 81.36 82.35
ionosphere 83.48 85.45 86.90 85.19 85.77 84.04 85.76
kr-vs-kp 95.18 95.49 96.62 90.29 96.81 96.59 97.03
labor 70.67 61.83 73.50 68.33 68.33 72.33 76.33
mushroom 99.85 98.56 99.88 99.90 99.90 99.86 99.83
sick 96.74 94.62 96.98 94.48 97.77 97.75 97.11
sonar 58.93 55.57 50.07 58.29 55.00 59.14 58.29
spambase 85.92 88.87 87.44 84.20 89.68 88.98 90.39
tic-tac-toe 7717 69.74 74.54 71.63 74.63 74.63 78.36
vote 89.89 95.37 94.21 90.59 94.21 93.98 94.21
climate 91.48 91.48 91.48 91.48 91.48 91.48 91.48
colic 79.97 81.09 81.09 82.47 81.09 82.47 81.09
monks 90.75 90.73 93.51 83.35 93.51 93.51 93.28
steel-plates-faults 100.00 89.64 100.00 92.01 100.00 100.00 100.00
SEEIE 80.87 81.47 81.89 81.20 82.64 82.26 84.06
® 4 TR 0.6 AR LG R R S0 AR 2
Table 4  Noise ratio summary of Wilcoxon tests with p; = 0.6

MV PL STC ccC AVNC CENC STLNC

MV — o o o o o o

PL o o o o

STC . — o o o

CC . — o o o

AVNC . . . . . o

CENC . . . . o — o

STLNC . . . . . . —

5 TR 0.6 I A ot B /R B s A i 2
Table 5 Model quality summary of Wilcoxon tests with p; = 0.6

MV PL STC CC AVNC CENC TTLNC

MV o o o o

PL — o

STC — o o

CC — o

AVNC . . — ° o

CENC . — o

STLNC .
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TSP S4B R B 84.06%, =T MV (80.87%)-
PL (81.47%). STC (81.89%). CC (81.20%)-
AVNC (82.64%) Fl CENC (82.26%).

3) MR4E R B AR S BRI 45 R, STL-
NC FLVF A5 P LRI Y i & 9 ST b b2 2
68 B 1 A A b T e 7 4 T BV

T 2 N RHITIH, 3R 6 ~ 9 VELIER T1E
TN p; €[0.55, 0.75] FITHHL T F A A B bR i B
FE A IE VAR 2 1F 5 £ S 75 LU AN AL i 2 B
SER AR, DR BUR R AR S BRI B SRR
SR E MR A R iR R 6 ik 7 sy
J, FEBHE SR N s LRI R R R AN B R AR
STLNC BB # e S dF (1. R, AR¥E 2 8 i
X9 B BUR B LR AT SRR IR 1) 45 R, STL-
NC HIETE A 1 Ja £ 46 e s b b R 8 T Tl
%k MV. PL. STC. CC, 5 AVNC. CENC ik
PEREAH 2. e AR B R T BB MV,
PL. STC. CC. CENC, 5 AVNC Sk REF 2.

PG LR RPN SR L5 R, FEAFT T A
J R (A B A EERIGE T A SR ) STL-

NC SEAEHE s B L bricd i E B A & B
BRME, 3 H STLNC SFiELE AR 48 br A%
PRAET X ELI 5 A A B bR e e 75 24 1E 592

NT o BT SE ) 2 e R AR D AR AR SR T
I HUE X STLNC Sk i sz [R] I =5 24 R T FH ik
B, AR CFENLERE T 77 B 504 “lonosphere”
fE T AR 0.6 1500 N AT SL5, [RIB 3 T 4
[F] ik e 2% CF FRUERRES SLU0 1T 14 HE AT 5 A2 A
. HJEE TEAR T ERER TN STLNC Hik
TE 2 1F Jo $ s 45 b0 s Bl ) 1 00

TEARSCH & E T ETH 1P se 2 1 5
W, 77 1b A BRObR 10 5 R R (1) SE A5 B S4B Y I SR 45
BRRAMIE. NE 2 iTLLE ], BEE T EAR L, s
b S BUEERE BT, IOAIE T A S B T 18 AR,
T EMBUETEE A 0.1 ~ 0.5, N T KSHIH % Ehrid
RS, ARSI E T NE/ME 0.1.

HSAXBHIESE LSl

N T B RAE STLNC Bk 1A 2k, A3
i/ CEKA 1 & H i 1 LA R 4R Leaves A

2.2

# 6 T AR [0.55, 0.75] BT IR LR LS R (%)
Table 6  Noise ratio comparisons with p; € [0.55, 0.75] (%)
e MV PL STC cC AVNC CENC STLNC
biodeg 14.22 21.14 16.02 13.84 13.46 13.08 12.89
breast-cancer 16.43 26.22 20.98 19.93 23.43 24.83 24.48
breast-w 20.46 3.72 10.01 4.15 4.15 4.43 3.72
credit-a 18.41 20.58 14.93 13.62 13.77 13.04 12.17
credit-g 17.70 29.60 22.70 22.90 21.60 22.30 24.60
diabetes 20.18 22.66 24.09 22.27 23.44 22.66 23.44
heart-statlog 16.30 20.37 15.19 20.00 16.67 16.67 18.52
hepatitis 12.26 20.65 14.19 14.84 16.77 12.90 12.26
horse-colic 17.66 15.49 13.86 18.75 14.67 14.13 15.22
ionosphere 17.38 18.80 13.68 9.69 11.11 10.83 13.96
kr-vs-kp 17.43 25.19 5.60 11.55 1.31 1.88 2.44
labor 17.54 29.82 17.54 12.28 21.05 21.05 14.04
mushroom 18.07 4.94 4.84 1.67 0.10 0.11 0

sick 13.94 1.78 4.98 3.76 1.46 1.54 2.04
sonar 15.38 37.50 21.63 25.96 19.23 22.60 20.67
spambase 19.32 37.54 15.11 9.04 7.00 7.04 6.67
tic-tac-toe 20.67 27.45 19.31 17.54 15.76 14.41 6.47
vote 22.07 6.90 10.57 8.97 4.37 4.83 4.60
climate 22.96 8.52 22.96 10.74 8.52 8.52 8.52
colic 16.58 19.57 15.49 17.93 15.22 14.40 15.49
monks 17.13 12.73 7.18 23.38 2.78 4.86 2.78
steel-plates-faults 22.46 34.83 7.32 15.92 0.26 0.26 0.21
SFHIME 17.93 20.27 14.46 14.49 11.64 11.65 11.15
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Table 7 Model quality comparisons with p; € [0.55, 0.75] (%)
HimE MV PL STC cC AVNC CENC STLNC
biodeg 74.58 81.87 76.36 79.99 81.59 80.25 81.78
breast-cancer 69.43 71.81 69.50 70.27 71.28 71.64 71.64
breast-w 90.76 94.54 91.10 94.34 93.85 92.40 94.69
credit-a 82.17 85.36 84.78 85.65 85.65 84.64 84.93
credit-g 69.50 69.80 70.50 69.60 71.10 69.00 72.00
diabetes 71.67 74.44 71.15 74.21 73.13 72.87 74.56
heart-statlog 70.00 78.89 76.30 75.93 79.63 78.52 80.37
hepatitis 76.17 79.17 77.33 80.50 76.83 77.83 79.00
horse-colic 82.50 80.35 81.57 82.63 83.51 83.01 82.68
ionosphere 80.62 83.48 82.33 88.03 87.73 86.90 84.07
kr-vs-kp 97.94 95.34 97.66 92.86 98.28 98.00 98.06
labor 78.33 68.17 78.33 64.33 7717 7717 84.33
mushroom 99.99 98.52 99.95 99.96 100.00 100.00 99.95
sick 97.72 96.95 97.48 95.47 97.64 97.83 97.14
sonar 63.79 68.93 67.14 70.36 69.29 69.50 70.86
spambase 86.65 88.87 88.07 84.83 90.37 88.96 90.76
tic-tac-toe 77.83 73.00 77.58 76.30 77.89 76.85 80.08
vote 93.35 93.79 94.98 92.68 95.24 95.00 94.77
climate 91.48 91.48 91.48 91.48 91.48 91.48 91.48
colic 83.74 77.90 84.19 79.17 82.53 82.63 81.84
monks 98.37 85.21 98.60 88.16 100.00 100.00 100.00
steel-plates-faults 99.90 100.00 100.00 99.69 100.00 100.00 100.00
RS 83.48 83.54 84.38 83.47 85.65 85.20 86.14
#* 8 TLAJFE [0.55, 0.75] AR A EE A0 /R Bl AR iR SR
Table 8  Noise ratio summary of Wilcoxon tests with p; € [0.55, 0.75]
MV PL STC ccC AVNC CENC STLNC
MV — o o o o o
PL o o o o o
STC . — o o o
cC . — o o o
AVNC . . . . —
CENC . . ° . —
STLNC . . . . —
#9 T AJE [0.55, 0.75] I AR5 & 1) R B U ARl AL R
Table 9 Model quality summary of Wilcoxon tests with p; € [0.55, 0.75]
MV PL STC CC AVNC CENC STLNC
MV o o o o
PL — o o o
STC . — o ° o
CcC — o o o
AVNC . . . . — .
CENC . . o — o

STLNC
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ol Wk (23] e FEL AL B 77 4 £ S

] ) B, R T I SO 3 A Hd R AT I 2R AN
ﬁ 16.50 T, oA fFH MNB (Multinomial naive
= 16.00] Bayes) 53 {£4 PL. STC. CC. AVNC Al CENC
15501 %L 7r 245, T STLNC HFE 73 84 W iy MNB.
CNB (Complement naive Bayes)® 1 OVA (One-
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B 2 AE T{ER STLNC fE ionosphere ##55%
bR gk

Noise ratio of STLNC with different T’
values on ionosphere dataset

SCHER [22] H A8 A SR AR B 4 £ LabelMe 247
SeaG. R, FE SN EL BHE AR B SEEe, A SCIb g
XF STLNC 532 id PR B U8 2% 1 k47 1
W I, B STLNC Hh i) =5 8] 45 74 5% SR B B
S e 43 5 2 IERY BO#AT 17T Rl S,
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WAL E 1000 A 200 4ERFAE S, BEAN S
B#R 2 — RIS B, FIRERATAE AMT ¥ & L,
B AN [E] AR L TN AT AR

AR M Leaves 1 LabelMe HHEECT 8 /N R AU
BRI, X 8 MR AIE N Leavesl,
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LabelMe3 Fil LabelMed4, 1 &% 45 48 ) B A 415 4
% 10 FoR. BN “LabelMel” [ B b2 4 B s 51
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MRETAARET 395 Mrid. TEFEERZ, 1£

Fig.2

versus-all-but-one)®.

K 3~ 6 70l feon T B AN FEIRAE 8 MHEEAYE
H¥mdE F A IE 5 i R L RIAS Y Jo & (1) RGBT b 2
R MG R LLE H: 7F Leaves £ 4E L
STLNC Sk R R BRI+ MV, PL, STC. CC.
AVNC Ll K CENC 5%, TifE LabelMe #(#i4E I,
STLNC Sk sn 2. Bk, Wi A seie
HIELHE, STLNC [R5 1 Hodls 4 b ic it & A
RO &, JOE 12 SETE HSE A7 A Rk

T oy i PE AR I U STLNC RV 52
Wi, AR SCIEEN T AR GEHLAR o ) AT S e 75 ik )i
#% CF. IPF (Iterative partitioning filtering)® I
MVF (Majority vote filter)?", =/~ JiE 45 B AR
AR

1) CF: CF H AR BB R 70 v K/
Ll n DT, N T HA RS A TE, WRRE R
Hn — 1 AT RS IR N RGN SR T 247
WGk, SRJERZ T4 b B S HEAT TR, 5 9000 AR
LI PR ICAN ], TZ S e 7, I A EEAS 2
AP k. FRPRESE o IR, HIEANBIEE
) S A4 T . AE A SRR b CF i n (B N 10,
Koy AL MNB.

2) IPF: IPF i JE ALK BE A i 2 70 9 K/
S n AT, FEREA TR BT — A7 KA RN
HH £ AR AN S FEAT TN, AR AR 5 5 SR ) W
S A R s a0 R W B . AT Bk
F1R 20 R L 38 70 H ) M 5 SIZA51) P B A8/ T BRI I 452
ik ARSI TPF B 5, BIMEN 0.01, #5255

R0 SAHSEAEERE VLA
Table 10  Description of eight real-world crowdsourced datasets

EAginE RS #Instances #Positives #Negatives #Labelers #Labels

Leavesl maple/alder 142 96 46 70 1093

Leaves2 maple/tilia 140 96 44 74 1044

Leaves3 alder/eucalyptus 93 46 47 58 407

Leaves4 alder/poplar 89 46 43 54 400
LabelMel highway /street 199 89 110 50 395
LabelMe2 highway /forest 227 89 138 54 476
LabelMe3 highway /opencountry 240 89 151 54 375
LabelMe4 highway /insidecity 205 89 116 49 339
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Fig.3 Noise ratio comparisons on Leaves datasets
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Fig.5 Noise ratio comparisons on LabelMe datasets
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different filters on LabelMe4 dataset
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