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Object Image Annotation Based on Formal Concept Analysis and
Semantic Association Rules

GU Guang-Hua''? CAO Yu-Yao'? CUI Dong*? ZHAO Yao®

Abstract Object-based image annotation has always been an important research issue in the field of image processing
and computer vision. Image annotation is very difficult because of the multi-scale and variability of the objects. Object-
based image annotation has two key issues: object segmentation and object recognition. This paper proposed an object
image annotation method based on formal concept analysis (FCA) and semantic association rules. Aiming at the high
overlap problem of image blocks for objectness proposal generation algorithm, the idea of concept lattice in formal concept
analysis was used to classify the image blocks into several image clusters according to the commonality of image blocks and
mine the image category pattern. After removing the object-noise block and the background-noise block by the category
probability distribution decision and the flatness decision, respectively, the final semantic object clusters are obtained.
In addition, aiming at the discrimination problem of semantic objects, we firstly got common feature descriptions by
fusing features of image clusters, and generated the initial object image annotation through the classifier. The semantic
association rules were then mined through the semantic image annotations to perform the semantic complement of image
annotations to avoid missing smaller semantic objects when mining category patterns. Experimental results show that the
proposed image annotation algorithm not only ensures the precision of semantic annotation, but also ensures the integrity
of semantic annotation. It has the better performance of image annotation.

Key words Image annotation, formal concept analysis (FCA), semantic association rules, common features, feature
fusion
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#ACU BCM, % f(A) ={m e M| Vu €
A, (uym) € I}, R g(B) = {u € U| Vm €
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g(B) = A, Wz —Jjcdl (A, B) N—" M. o,
AFRZ RS (A, B) IAME, B #rZ i (A, B)
(P 3 1O

TE A& b, AR SRR ANE T A (%)
FICE AR NI P R T A SR YE. B R 4t
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A S, R NRE)Z F & LT A
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VGGNet?2=2] ¢ ILSVRCPY Bk i i oA 5 A7 4
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Fig.1 Construction of concept lattice based on the context
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Table 1  Comparison of CNN feature sparse binarization classification
T PRI CNN-10 CNN-20 CNN-30 CNN-—40 CNN-50 CNN
Accuracy 0.81 0.88 0.89 0.93 0.93
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Fig.2 Image cluster construction from concept lattice
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Table 2 Category decision distribution of

different image blocks
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Table 3 Dividing image cluster types
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Fig.4 Flatness comparison of object image clusters and

background image clusters
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Fig.5 Image annotation based on category pattern and feature fusion
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Fig.6 Local blocks generated by the objectness proposal

generation algorithm
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€[0,1]  (7)

€[0,1] (8)

MR X AGE SO S P52 S X A I 7
FER LY. Bk R T KBS o I B RO 1
SR, JoVEGE T JA IR R MER R AT L, AR
SO SR I LI 425 4 Hh A TR AE T SC Y R AR AR 1
conf PRIUE T HE SCRRTEEME, B DARS S [R5 P Y
SRATE LG TAETE LY SRAZGE T DARS 3] fe & ml (576
AR TEEE . TSR SER RIS AR AT 7 .

[IVNEDS: 3
A

TRy It 3
WiE B ras

VIR S| | et [
R B
Bl 7 BT SCIBRALIN i b TE

Fig.7 Semantic complement based on association rules

2 SR ERKDR
2.1 SLISHIBERSHILTE

TEASE ] VOC 2007 it 4ext s g VA HEAT
$oik, VOC 2007 Zffa s 4% 5011 5KUIIZRAEA
KB, 4952 SKIAREAR EHR. Bl LA aero-
plane. bicycle. bird. boat. bottle, bus. car. cat.
chair. cow. diningtable. dog. horse. motorbike,
person, pottedplant. sheep. sofa. train. tvmonitor
20 Z2KiE SCHEAR, FEERAE T8 SCH ARTE E G Y X
FLE. SR AR IR AR I b i SCH AR DI A
SVM 73 RASMIIZRAEAS. 25 fE S4B ME SCR Y
BEORA], 45 ST A& B AR MG N GRAE A b
PLIEIR 250 3K P AT Rl e, AN lAe A il
PLEHL 500 5K EGAE A MAEAS. A 5 IRSEE K
BOP IS S as R

SCUG IS 64 /7 Windows 7 245, CPU F: 4
6.4 GHz, 16 GB N1#, MATLAB 2015a.

SO ek 18 R 02D out % AT D)
R RAREE HES . S, RSP HEs e
T &IX 4 S BRI BE b D) g Pt i
SCH AR B2 CH FRTE EUE P I b R R/
S, R SCHE SRR v G R 18 2R AR I PR R A R
ANFIGARE LG B S0 T R, A s H AR B AR L
e 1/4~4 2], HipSIOMERER 1/8~2/3 Z
[i1].

TEAZ PR ISR, ASCRE T = AR
MERR A IE d. SMEYEREBI{E o AN IRZEE F(E
B. EXISRUEMBE, A SOAERSE B LI 20
MR, s 10 RESRIRICF I EN = AN S R TR
SCHIE.
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TESR 1.1 A, AR SCAVFFIERAE /)2 C 22 550k
T2 d > 20 B, CNN—k FFAERFn] DAR G- AR R P
AR SCRFVE. ARl o 2R K2 I SRR 1Y I ) 52
R O(d) Xt d I 00, d fH-5 53K
R O(d) BRAWIE 8 Fron. MIE 8 LA,
Wi d (ERSE I, BRI O(d) s Eitiss
K. 8 T BRSEAE R /INN R S 2R B8R U A A 9 5K
BgR, AR ESH d = 20.

A

o
\
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d

K8 d H5EIERFIEZIE O(d) KA
Fig.8 The relationship between d and time complexity
O(d)

FBEAAZIBVE R e 2 B B2 B BAA A
RUARR P B A B AT SR 2K, Ak rh AN 4 B B (E S
o T ORIE ER i D Je R AN T AR
SR TR EEE o = 3. WIRAEZBIEZSE B N
TR — B R T R AL, 8 B ekAS
L 5 e B A R IEHOR. AU Silhouette
FEARAI - AR R R Me(B) XA 8 fHUE
PEATIIE, SEIREE Rk 5 prs.

b(i) — a(7)
max{a(i),b(7)} )
Hrp, a(i) AFEAS @ 538N Fir g HABREA R -2 iR
B, b(i) MFEAS @ B HAh ISR A P25 B B Y i/ MA.
Silhouette F8Ar FIAEREAR sil (i) BHFHH, Silhou-
ette UETE (—1,1) Z[A], {EBR R U8 B 28 28 R0 8k
It

M5 Haf DAE Y, FEE N IRAERE BIE 6 3y
il, Silhouette Fabm it 141, 15 BH B4 SR 4L

sil(i) =

SRR, (RN G Mc(3) 212
TR, ULHBEE B pOHTIN, A R AR
R SRR B 2. FERAIE R SRR 1Y [R] 1,
SRR MG TE LAY e 88, AR SCHE S I h i B S A
B =5.

e HH R R M, 5 P I R - 4H B I A
SR BB SE m = n = 16. A THFEME
(- HH B th JEAT 20k, AR SO SE R Bt rh e 4%
T G PR P EERE SR AN 9 (a) B, o
HA W5 0 R BRAE IR 61, oA W] 2 A5
IR B, 73 S8 v 43 UM IE B R 6745 o
A BEPLAIER 20 KRB T R, e [0, 1) 38
Bl B th (H, #5320 th (EXT IR 23 JEHERG &
p W& 9 (b) Frz, At (e th.
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Fig.9 Performance on the flatness threshold th
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Table 5 Performance on parameter (3

8 2 3 4 5 6 7 8
Silhouette 0.16 0.232 0.33 0.63 0.662 0.72 0.761
Mc(B) 6 5.4 5.1 4.9 4.2 3.4 2.8
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0.5. [ th (HRVIGHN, 7 JEf R d R B0, 24
th = 0.7 W JERf Rk Bl ik 0.975. 2 5 ifE
WIRIF LA R, 24 th = 1 ALK Frg 18 B
AT, B PAST HUERE A 0.5.

TETE SCRbFEAR T, Apriori SCHRHIN 2 48 582
HAFTE S /N SRR BE supp, i, B/ IMBEAETE conf
P BIES . supp,, WEKNK/NMF2 SRR
A9 s () A2 4 B, 30 B T A RORE S B 3 1 1 A 2
L TR TAZ 40 R BN, F B, conf ., WE
(It /INRE S B2 HE ) R U AN HERf, B
FRFFEAZIE B SRIAILI) A

X supp, 288, A0 VOC2007 )11 5
AR TS SR EAT A ) I8 B A0 S I AR A,
RIS R B O (supp ) FISE I N (suppin)
HEATVRH, N3 6 PR,

M 6 O] AEH, FiE supp,, MG, B
[ 5224 B O(supp,y,) TERFELI/D, [A]BHZHE H Y
WETAEL N (suppy,) WIEBD. 24 supp,, A
2 1074 BAANE] 1 x 1073 A, B[] 52 2% 5 ) BRI,
JEBERE supp,., FOXE I, IFIA) A 2% R 0 80 45k 2%
1. HIEFY supp, = 1 x 107° B, SEmA%L
WENFE, WRGEATZR KRICFN, B A S
supp, i, = 1 x 1073,

5% conf o S ASCRIF VOC2007 11145
AL SO AT IR, AR R I 4
T8 SCIREAT 1 RN T, T8 A T 58042 4l 5 B AL U £
N(conf ;) FHRNFEHERZE P(conf ) RIHIEAT I
H, R 7 Fw. KT BRI AE 1, FERES
conf o MBI, $5398 H A BBLNEL N (conf )

TR BB A 8 AR B (E AL UE d = 20, SME
HEZHIME o = 3, WIR4EREFIME 8 = 5; L1t
JEWS m = n = 16, B{H th = 0.7; 15 LANEREZ
P IR B3 P I /N SCREFE suppg, = 1 x 1073,
e/ IMEFEAE conf,;,, = 0.6.

2.2 ETEXIZHEMEGRRESE

ASCAES L1 A58 T R TR 2 40 nd R 26
Bk (PMCO). o T I IE % B 5 B A e, A e
VOC2007 #dia 5 H BEHLZE S 100 5K 1 & 2 17
YIFIAE B, S8 )5 70 A PMC. k-means Fl AP
(Affinity propagation) FyEFEFT R, H X =Fh
REFHN Silhouette {EANHF A A-E O(ct) AT
FL e R B AR AS U 2547 PMC gtk 5 525
W1 k-means VAT LR E RIS PLE kA, AT
SEERROCR B HXF I, ASCR IR E EHS T RIKE
% PMC A i EUG R AL, SR g R ansk 8 Fiw.

MR 8 WIDAE H, B2 LA KB a, fr
PA PMC BYATER ) %3 Fim T k-means 1 AP
A {H)2 PMC REF N Silhouette (520 i
=T k-means fl AP 53k, X PMC 2 HAw
BB Hen SR ACR B BT HoAh SR 2R k.
B BvE T E G R HER ML E L, i PAAR S
PMC RFEEEE A
2.3 BEgFRETEHIARE

ASEHAERZ P HEE R A F EHE R
BGAREE SIS PR RETEFIARUE, 20 3 UM

1 & Correct(w;)

e 3 N o VI 46 7] 4 P=— — %1 1
W20k, B IR confy, BUELBORIN AT ARF 2R M &~ Predicted(w;) X 100% (10)
HEBAATE SCRNTE, (ELEIR SRR N (con f ) K
D REEARNTE AN TERIAE . R, S TR 2 1 . Correct(w;)
SR AR 10 7 R 5 SR T, A5 SC R =37 2 Truthury < 10% (1)
conf .. = 0.6. =t
o g ST S . 2 2P - R
P+R
26 supp, XTEEIGRVERER S
Table 6 Performance on parameter supp,,;,
SUPPi 2 x 10~4 1x10-3 2x 103 3x 102 4x10-°
O(supp,....) 2.04 0.57 0.31 0.19 0.16
N (supp,,;,) 281 135 96 75 73
KT confp, MERIERMIEH
Table 7 Performance on parameter conf, ;.
conf 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
N(conf,,) 122 87 71 55 37 16 10 5
P(conf,.,) 0.46 0.54 0.62 0.72 0.84 0.86 0.94 0.98
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Table 8 Comparison of three clustering algorithms

PMC k-means AP
o(ct) 3.20 1.58 1.31
Silhouette 0.68 0.33 0.39

Hoof, M OBERE RS, w; B R
VE P 2 B T SURRAE, Correct(w;) otk s X
FR%E w; RIEBIRRASIORE , Predicted(w;) K2R
Y SURRAE w; (RBHRER, Trath(w,) WE §
VER B E AR R

R, SO R mAP e B AR
—PERETRIERE, mAP 7E U

1 Correct(m;)

mAP = N ; Predicted(m;)
Hrp, N FonBdliderp Ity N 2RI SUhRAE, A0
P VOC2007 FidladeitAr s, Bl N = 20; m; 24
WEH O BB SURER BB Correct(m;) o m;
T SCRR SRS IR A 4 B B 8K, Predicted(m;) 2
NPT m YRR EL
2.4 BEFFRESEE

AT ENMG T SCH bR R AR AR AR T A, A
FHPIH B2 B S 7, AR R MR 2 A A s
TIE Rl AR R e B2 T 3] [ 45 R e SRy T AR
By 8 SCIE A P A [ B — 2P B TG SOPRYE Y 58
B, A SCEET A2 A 15 SCRIRALN AT 15 SCRh5E.
N T B AR TR R, ASCRIT T 4 A EB
Pyt s BT R g Seny B bRt se ik (Image
block annotation, IBA) . ET EfRHAF-HH B AY E
B hr3F 5256 (Image block and flatness annotation,
IBFA) . FF B F-F- R ) B AR 3L 8 (Tm-
age cluster and flatness annotation, ICFA) I
ICFA J i A s iy g AR 525 (Image cluster
and flatness annotation + semantic complement,
ICFA + SC).

Horp, BT R g Hery g An v s2 5 (IBA)
ST X H AR AR R A B SR B G B Al
PG, VARG R R G ) 2 51l 43 1 MR 3 ok 1k 4
HA IS G By B G, it o 280 E Bt
T8 bR BT G A P40 B ) 1 A v 52 B

x100%  (13)

(IBFA) 2711 55 B 15 )m 7 R i 28 531 73 2Rl
J&, BE— 2R T AR P -2 R, i a3
FAT SRR, AR I o KA ) B B TR SO
vy BT RGP R B G bn 9c 8 (ICFA) 2
FHIER 1.1 35 AR 2 4 SR R R R He ) 23K
AR GRE, IR IS R E R A AR B R R
fiE, 2Z 5 I B e o P 7 AT 5 11 A
SIH RE 2 M, B 8 0 R AR R R EAT 1 K
Sl BT ICFA Jeils SCRb ey Mg AR 2 55 (ICFA
+ SC), 7£ ICFA [ 5:ali_b45 6 Apriori JRECHLINTE
VA VOC 2007 YIRS 240 i L Z 18] i) &
IR, a2 9 B, BTt 1R RN FESRIA DA
PRAEARTE 18 SR SE 34

KIE1LITRRCEHFENIEX, 56 2 17
R A A TR SCHEDN ok B R EKIE X, 5B 3 AT
FEAETE L5 REBETE L Z BP9 % B2, RIFE AR TR X
RN O I T SCRYMERA . MR 9 Al AE
B2 47 4 Y O 056 AL U AF A N R, L A
{diningtable}—{chair}, {bicycle, bus}—{person}.
BB AEA S DI L FH AT NS BEfE, Hean
{pottedplant, bottle}—{person}, XK K VOC
2007 Ftha gk -GS AR BB TR, 15 L Z A
TER RN B 55, I H MG LR AR SR
D, BT DATEAZ 3 52 B A D) Bsf 285 5 B4 XoF b 5l 4 7 2B
JUE{/RE Sk

TEAS 1.2 AR SCRE T i RAE Rl S A [ &
PR AE R G 1Y 7 ¥R, R 4 7T DAE X P AR AR
Rl & T B B Rl A RRAE S W] DACR B R T 1R
By 3, MRS G FE s A R AR TE HEAT 21 4,
T EGAR T A B T8 R A A VA R 2
— B W, AR S A (L 1 0 A R AU B
N AR AT 25 M AR B, 17T S5 B il £ 4R A0 E %
B R EAT T8 A IS BAR S BT PAh T 153 3
EFRIARIESS R, A SCR IR AR R & 0T R T AL A,
H RIS {EL R A D7 VA VEAT MR TR AR 250, d5c s Y I
GEE: SCH 3 W S RABL Rl & 305

J T BAERFIE 2 A A IR A PO, AR SO
M T ET R RE R AR ICFA 528, BT
fH A& ICFA SCi fl BT 2H ARl & /) ICFA 52
5. Mo, BT RORMERNG ) ICFA S25 @1 K&
T AT AR 25 W N S J 1 SO Ik, 35 46 ) e KA
il SR AT B B R A R B R AL BT I (E R A Y

29 VOC 2007 $fsde o B
Table 9 Partial semantic association rules in the VOC 2007 data set

EAEE XL bicycle diningtable bicycle, bus bottle, chair pottedplant, bottle
FHIE X persion chair person diningtable person
FH R 0.68 0.70 0.92 0.67 0.70
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ICFA S35 2 0 X R 5 AT A5 25 e R 1 SO 31
i 35 ol FH 35 {8 ol /5 S5 31 RGP Rl R AIE:
THAREG ICFA S255F A Rl & FA 15 2wl
ErRHIEXT BRAGFEHEAT BB £ e, 2 )5 R S KA
EEEAS B SRR T R SCH . 2 10 X =Fhik
AER A ARG R AT X B
MF 10 Hraf DAF S, NI E R A TE bR 5250
R A T AT Hb 2 B T 22 i e R B, BT DART R R
H Rl A HH LA SR I, S R Rl & Ty R 2 ik
FERHAE ) R TR AE B Rl A R AL, X & R S
RE VR B D R R 2 [A) 1) 22 S, TR L RP A B
U B RN, HIE 2 3k PR R 1) 1 o) el 5 i i
1T 5Me, BT DAMEXT A & R ARERR R, G A S
5 Rl A5 AR S5 A Rl 1 DI ) )1 7 X6 1 18
TEREAT 25, 1) e IAB Rl A55 6F AR HEAT 1 SCH)
A, AER 10 RS TR S mEE R
F 10  =FRAERLE 00 1

Table 10 Comparison of three feature fusion methods

P R F
s RAH R 0.59 0.61 0.60
BIERE 0.64 0.58 0.61
HEmG 0.72 0.56 0.63

% 11 FHREET 4 Fhrk (IBA, IBFA, ICFA
FIICFA + SC) IFRESIRESR, I P. R F Al
I ]S48 O(t) ok B TIE P2 S AFAIE il A5 7E A T
S A R

F 11 FRESTRAIR Hod

Table 11 Comparison of annotation results

P R F o(t)

IBA 0.44 0.72 0.55 10.94
IBFA 0.46 0.75 0.57 11.46
ICFA 0.72 0.56 0.63 10.51
ICFA + SC 0.72 0.62 0.67 11.74

M 11 a4 2% IBA, IBFA. ICFA
ICFA + SC iX 4 ikt AT tERE . SR 2 17
FIE 3 AT R, X QBRI 1 ~F-4H B ol )
R 0] R T BB ER T RS2 P A R 23 Frey
PP REAE I L 2 IR R A X oy, A DR
EMIZCH B — 1) 1y SR B 2 - HH BRI T X 7
FH K0 7 S M e SR RO R D, B ASE R 4R A
ARPETRR. M 3 ATH 4 7l DAE i, R
T AR A 14 75 2R g B A i R ),
PG ) R R AL AT A S 0 T AR KRR E 4
THREERERRR. o925 BRIV ER R M, B AR 26
BIBEAIZIRIFF d BCEAE/DN, Pr SCERBOR, &

JE R — B, BT PATE ICFA ARy 44
[ R AN

LA LIBCR AR, F5 RT3 KB 7 F
FHAR AL 8 S 2 1) S oA AT T B X 1 S
ERCRA B RRHIETE. S 7R I 20
PRIETE SO R I 0, AR SORF ICFA SR 4561 X
FEBHN PEAT 15 Uk 7 (ICFA + SC). M 11 #1Y
55 4 ATHIEE 5 AT AT DA Y, Gead i AN TS TR bR
FETEHET R B PRI AT IR T, A mIRA TR
LAV S

2 11 # iy O(t) 7% IBA, IBFA, ICFA #1
ICFA + SC X 4 FpJ73kabAT 1 I W) 52 2% 40 #r.
IBFA #itt IBA Z 7 —/-P-IH LW, Bir AR
) 2 B T fE o X EE IBFA A ICFA AT,
ICFA T IBFA IS8 A R I, 2N
IBEFA SRR 25 WA BT T SO AR B o 2
X MR B B A B B Bt AT D, il ICFA 2% K8
FRVEAT AL B, B SR AE PR I 2R s 2B 2 — T B I
(], {E2 5 St A R TR R 75 38 A U AL,
FEATAR 25 MM SCH BRI 32 /0, LA
I ICFA #Em}/F IBFA; ICFA + SC 4 ICFA
(LAt 3N T SOk ek, B LA ICFA + SC i
[ R EE R T ICFA.

N T R RE R H LRSS T IR AR T RCR,
FEA% 12 PR T VOC 2007 Ziaase il or B iy
PR Bl

# 12 EBIRERG
Table 12 Annotation examples
FebrvE % IBA IBFA ICFA ICFA + SC
i~ ‘_ | bicycle chair bicycle chair bicycle bicycle
sofa
2 »_ i motorbike  motorbike motorbike  motorbike
A3 person train  person train person person
§ diningtable  diningtable diningtable  diningtable
person person person person chair
s N pottedplant  pottedplant
’ diningtable ~ diningtable  diningtable  diningtable
pottedplant sofa Pottedplant  pottedplant  pottedplant
tvmonitor tvmonitor chair chair
diningtable diningtable  diningtable diningtable
person sofa person sofa  person sofa personAsofa
pottedplant  pottedplant chair

MR 12 1255 2. 3 FURRL, S R B Bt AT -1
JEALBER] PAZK B —LE IR B P AN S B R AGTRITL K526 4
F 5 HTRFE FC AT AR Y, 5 B ORE 2 AT AR
UL A ) 288 [ AR B SR e i P 1, 1 PRI 8 Y
R AR AT R R R AR AR BE B de v T IR
PREERHERAPE; HLAR 12 By Pis el A EL, I
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GRAE TS R A SR TBRL I BT AR AR T AR
BEARURIE LEE.

R T A TTEIAR S AR AE A A Rl R A
S A R RO, AR SO S A R AR
SR IAT THER RS0 T, JEad Xt IBA | IBFA | ICFA
BEVEAR I T R mAP X H R B IE R AE 4
B A B AP B A RO (7R U ) A2,
T35 SR FE R AR T R S SR M R
A, SFRRYE R A HERPE I O R G, ngk 11 FOR,
FIF AL AR 2545 56 [ ICFA + SC 835). a4
YRS 208 2k AMMPS F1 CNN—SVM2
PEAT LU, Ui ICFA BRI fulit:, Seutas R
K 10 frs.

I 10 v DA H, XTI 1) 20 2R & 1R, ICFA
BYERMER R & IBA F1 IBFA B35, BSRFEAS
BB R bR R, ICFA B 0 e 2R
BEAET AMM 535 CNN-SVM ¥, il cat
chair 2%, (2o B2 ICFA (bRt 4h
HAMH, HHM mAP F3kFE, ICFA #&T HAb
ik, BeAh, @it IBFA Fil IBA 4 UERR R H ] DA
F i, ARG B2 A R A S TP R 2 A
&, TEH =B M H—1 plane fl bird J&H IBFA 11y
HE R AH L IBA A B BN B AFE T, iX it nd

A
09[ _
0.8[
0.7}
0.6
05f
0.4f
03}
02}

0.1F

TP A AR ST R B W DT
3 Zhig

AT BE SCH BRrd R R ARAE e, $e i T
FF I ARSI R A2 e Bk, DARIMR B
R, VAR AR g A AR AT JE i
R, M, RIS i SMERT P, 3T 1
RPHEAT BTV AN R B AR A%, AR A [ 1R
P PR B B 2 T S 1 5 B PR B8 SCH AR AR . F
A4 )V R RRAE R A R S B AR SCE I S ke R i
R AEL AL £ 11359 (L A Rl P i 5 7 3 i
5 3] B R B AL A ) e AT U SCH 1,
5 AT 2 A R R AL B A M X PR R R A TR 25
W, MTBETT T AL A AR AR AL SRR 2 T R A
ERl AT HESR. FEFZ IR SR 2 H T A IR B Y B
] ek A5 P A5 P AT RE AT AT Sk Ok, AR S i
FEYRTE SCZ 18] () RN HEAT T8 SCRbSE, 75 S
A W ERA R BN DL T S THE SRR Ry A [7] 3.
ARIOTIEWMAFTEA L Z AL, A SO iR AR 2 A
Rty g 2648, I H b TSR Bdn 46 i i e
B MR SRR, S EEEE AT SR
AN 52 45 45
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Fig. 10 Precision comparison of several annotation methods
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