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Automatic image annotation based on
fuzzy association rules and decision trees

LI Zhixin"* LI Lingzhi' ,ZHANG Canlong'*

(1.Guangxi Key Lab of Multi-source Information Mining & Security, Guangxi Normal University, Guilin 541004, China; 2. Guangxi
Experiment Center of Information Science, Guilin 541004, China)

Abstract ; The traditional automatic image annotation based on association rules exists the problem of sharp boundary,
which makes classification more fuzzy and inaccurate. Moreover, with the rapid development of multimedia technology,
the size of image data increases quickly. Massive image data will produce a lot of redundant association rules, which
greatly decreases the efficiency of image classification. In order to solve these two problems, this paper proposes an auto-
matic image annotation approach based on fuzzy association rules and decision trees. The approach firstly obtains fuzzy
association rules which represent the fuzzy correlations between low-level visual features and high-level semantic concepts
of training images . Then, decision tree is adopted to reduce the redundant fuzzy association rules. As a result, computa-
tional complexity of the algorithm is decreased to a large degree. Experiments were done on CorelSk and IAPR-TC12
datasets. The evaluation measures are compared from the aspects of precision, recall, F-measure and the number of
rules. The experimental results show that the proposed method acquires higher accuracy and efficiency in comparison with
several state-of-the-art automatic image annotation approaches.

Keywords ; sharp boundary; fuzzy classification; automatic image annotation ; fuzzy association rules; decision tree
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TN 1 EZ K Z (content based image retrieval ,
CBIR) , MR ()L 5 R 40 B 68, T2 AR (B0 DL J
Z3 (A7 B A R A R AR B 2 CBIR ARG 1E
IRLEAFAE 5 5 i T SCIR] A« 1 SCIS 987 BT % 1A)
L, 8 B SRR TERTFE Ay ST R0 M b 3 R i3
IR

TEZHEME A 345 1 (automatic image annota-
tion, ATA) RGEH SRR FRAE 55 T e it Jmy FR 45
AEBR T DX J) SRR AE R R B4R . Jeon S5
T DX 3 107125, A P8 i SO XS AT 7 A
MIRNC R IR 456 DAL 3 FRRIE A T ik $2 ik 4
Jey FiJR) R B RFAE 26 7R I TR AR 1 R . Wang %5
P T MG R | XIRE EF SCRRIE 3R (1 2
PERERL TR E AT S R IR S UL E 3 B
FHIEFRARTEER . Duygulu 2507 52 ) BRI AL AR
VEENSR 2071k — A Az i R A 1 i AR P 7
Ve T A MR AR S B 1) TR B4 DX IR
FRAERE A T A R A A A — g DX B 3y G
)RR, Monay 45° H2 th B FHE R S 72 1 LA B
(probabilistic latent semantic analysis, PLSA) 517 1)
& A 347 7 2 PLSA-WORDS,, 2% 3 Jik 55 7€ it
SERth SRS 4R A T R R [ SR
Lk Az ) g AR TR A A [ 3l o A
(hybrid generative/discriminative model, HGDM ) )
HGDM 5 Se I 2 PLSA 1 4k B (R 58 AR 1IE
IR R A PR 27 T PRB R U0 10 R B | 2%
BEM L 2P SVM LUK K 985 825080 A
HEM B — M E S R %S EOR %
A T R 1) A AR B 245 B B AR 193 S, i
SR Fh T boosting 2% >J [ EE B b5
ERG R —H BAT R — 1 SCRY R BERS th— 40
PSRRI RN RIS M SR R 2 B 1 2 482
OI PRI IR AT AR, AR5 8 boosting 57125 5
RG] 5 LAY B OCHK . Sumathi Fll Hemalatha 2
H—FhRIH TR G 40 2 B AR A A 320 348
FIARAE G R AR SRR 18] 5 2 4 3] R 09 d5c e
BB, IRJEH SVM 7 ik A B R bR TR . TR ERAE Y R
HH BT AR R R I PR AR Al S AN SR X s T
R AT 22 A O v A i T O, T X
BB T AR T R EIR . Makadia %0 2 1
H JEC (joint equal contribution) 1 J7 & #E17 El 4 A5
T, JEC I 42 )5 I 45 PG Rr AF FLRE AR BE 8 1 4 1)
fi B4t 5 T4 E R B i 48, SR 5 Al — i 52
(O AYARZE AL 28 ML TR 445 G B 3R] K 3 6 1 1) P45 BRAS:
T ARG BOFR TG BE I R TERE

B2, 7E DL b i 45 8 v A A 2% 1 3 P g Ak
B AAEAE B ROR RSB 5 PR 0 e 1 (BRI AL |,
(SEESUES SEUESNES S @O B R 1 NSO LR
T R B — RS 5 Wi s M 1) R AR e | A ) X A
BRI R AL PRES R ARSI, SO SCH
— TSR BE RO 432 0 vk RO IR A A RO
FIEFI (fuzzy association rules, FARs) FIERIEH
2ok A bR ER, 5 gk e S AE T — O T, ZE
SRl B ARGE SR D B PPN AR E SR AT AR IR | 1%
DRGNS PG AR AR R SO I i) 7 B, O in L
PUNOE/R NG (i A ESRE T S 1 = SR PV ETN ] S
B ARG e 1 1 SO YA ) AR A SR T I R
BICH AR RS IE e S 2 B0 AR AE 1] 1, 5 7R AL 3
“EIR R IR, Sy — 7T 5 PSR B 1
R TUAR IIROR] DGR HL DN | 3ok I8 ot AN A0S 11 1 535
R DCIBERLIN] , R/ 1T 5k I [R) A2 A 32, iy 1
P AR PR RS

1 B2 E B AR S

TE PG B SR TE A, IR ] 2 Ry R )
(152 ML & ) N i R P B B i P |
QAL FRAY SR IR 115 0 B A G SR8 52 i 31 P 5
PREERRIE . 0RO AR A A i S B R | IX
IRIE AT X Y [ 4500 0 5 REks RoA A IR
FOE A ICE DX 3o B ok, I HLREAR ARG i 5
FEAIIRIZER B ATSC B AR O T
PRBUXT R 930 2 £ B Rl O AR B, S rp SR IX 3
Kk RIEg . KaldK—8sr 3 AP0 1) it
FERIER AR ;2) B AR RUEN;3) Bl 2R A5
1R, 145 H TR A Corel Sk S 1B/
BB XSHE

x1 EBSEIHILALG

Table 1 Several examples of image segmentation
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Fig.1 Image representation of visual features
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FN B SAE | AR PR BRI 22 HERRAIE 11
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port vector machine, SVM) Mg DLIH-Hip i 25 [ 24 4
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Fig.2 Automatic image annotation framework based on FARs and decision tree
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sa, | m ACHFFAE () 2 B | RO 7]
A =1A], AT A AL AT AT AL AL
A RIS S=11,2, -, p1, 2, o, py,
o1, 2, e, p, b HERRAE ] a BORERTEE N p,
u! (@) L a; JB TR p, SRR M, T
25— TR B e BB AR IE R BRI L, A = {a,,
a, !, JRNTAYR SO IR I () 2 A BRI A MFs =
{low, mid, high} ,AR¥EE 3 19 = 35 JE B R &L, 7T
DA 2] SR A ) 22 FRH L 4 AR AR 1] o, D11 25
RO AR EUR  bRTETE N PR R s
TR G B AR 2 Fios
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Table 2 Original feature vector versus fuzzy feature vector

Ry JE AR ) : FuZZYd(al ) : : FHZZYd( a,) : FRLEE X
a a, Upgy Uyl Uk, w3, Uy Uy,

1 10 33 0.67 0.33 0.67 0.33 0 A,C,EF
2 10 54 0.83 0.17 0.17 0.83 0 A,D
3 12 18 0.6 0.4 0.4 0.6 A,CE
4 33 54 0 0.9 0.1 0 0.2 0.8 A,B,C
5 51 48 0 03 0.7 0 04 06 B.C.D.F
6 45 46.5 0 0.5 0.5 0 0.45 0.55 A,BE
7 30 10.5 0 1 0 0.65 0.35 0 c,D
8 57 15 0 0.1 0.9 0.5 0.5 0 A,C
9 45 9 0 0.5 0.5 0.7 0.3 0 A,CE
10 23.4 39 0.22 0.78 0.7 0.3 B,D,F
11 27 49.5 0.1 0.9 0.35 0.65 B,C,D
12 20.1 33 0.33 0.67 0 0.9 0.1 A,B,D,F

$B 1 MR (fuzzy support, FS) FIFR A &
{5 B (fuzzy confidence , FC ) 2 A5 JC I K ) 5 & UL
IR S b | OB S AR B 7R BRI A i A 3 PR
o, DRI X C, BT b BRI 3 e A
ARSI 3, RSB 3 P AL B R AE @, DL SR SC
C, BG5S AL o, BB 23 Le . ST AL
( condition) —y : condition % 7~ A5 A 4 AiF [n] 5 1) 4
G,y R L,

BN a,is low — C;:

2, wla)

FS(aiislow—>Cj)=# (1)

2 u,(a;)
(llECj

X, ula)
A 1 T BEdEE D EGEE A FS ST 0.5,

FC(a, is low — C;) = (2)

FORITAE LB AFAE 50% BG40 & FR1E a, IF HLIE
G €75 FC 4T 0.5, 2R I 50%
BARIE R €0 AR (1) (2), 43 S T hF 2
HAZ I L FARs (81523 ) K FS Al FC,

PR2  ME FARs, & AR G
W, 3 BT A RSOR R AR ) i AR S FS KT
AR T e/ VORI SRR (B mFS 753 B0 2 i 4k | JF
HLIOCGIBR KL 19 15 B R T 855 T fe /M 15
mFC, SR, 2T Apriori FLE R FARs, 140 4
WAL 1 AL 2 R,

Bk BUBEIUE F

Input: YNZREE T, mFS.

Output ; M E 4L F .

Process:

1) C,<—Fuzzy partition( T)
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2) F,«{fuzzy frequent 1 item sets|

3)for ( k=2; F,_, #;k++) do

4)C,= Candidate( F,_,) ;

5) for each transactiont € T do

6) for each candidate ¢ € C, do

7) F, =Checking( C,, mFS)

8) return F=U F,

Bi&2 ZREUFARs

Input; #HEL4E F  mFC.

Output: FARs.

Process:

1) for every feature attribute ¢ € C , do

2)while F, # @ | do

3)for every frequent itemsets f € F,

4)if (fuzconf( f—c¢ ) =MFC) then

5) Output the rule f — ¢ with conf = fuzconf( f—
¢);

K3 EMXEMNEE FS.FC

Table 3 Fuzzy support and fuzzy confidence of association rules

= FE o) Fuzzy support Fuzzy confidence

1 a,is low—A 0.23 0.88
2 a, is low — B 0.05 0.24
3 a, is low— C 0.11 0.50
4 a, is low — D 0.12 0.54
5 a, is low — A 0.20 0.79
6 a, is low — B 0 0

7 a, is low — C 0.24 0.95
8 a, is low — D 0.07 0.27
9 a, is mid — 4 0.30 0.55
10 a,is mid— B 0.34 0.62
11 a, is mid — C 0.37 0.68
12 a,ismid—D 0.32 0.58
13 a, is mid — 4 0.34 0.70
14  a,is mid— B 0.25 0.51
15 a,ismid—C 0.25 0.51
16  a,is mid—D 0.29 0.60
17  a,is high—A4 0.17 0.74
18 a,is high— B 0.11 0.48
19 a,is high—C 0.18 0.81
20 a, is high—D 0.06 0.26
21  a,is high—A 0.12 0.48
22  a,is hish—B 0.16 1

23 a,is high—C 0.17 0.68
24  a,is high— D 0.14 0.55
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PR Ty i — Fh B A B 43 RN [l )5 5 i,
TP RN B0 SR B A, 43 S
P, L) B AR EEOR IR T Quinlan $2H 1Y

FEA W ID3 B3k C4.5 LU Breiman 2 {11 f) CART
=7

FARs IS R 7E TR DI AL & B B & KR
Bl A n T IARAR P, 7 A K TUAR 1Y DG I AL
M), FEAREVEREREAR . 2 RO JCIR KLU B 1 BF
FERIFRE, SCHR [ 21-22 ] 2 4 R 8t A% 30 i e s A
]

AR SCHRE HAE R S SRR S B A AR AR OC
IR ML 3B, e DR SR Y 41 AR AR B — A 2
AN BT R 43, X A7 2B HL o3 S B ey AT
ML ArSSER B, Gl R AT L IR TR Y
A58 A IR ML | 52 56 Uk B2 07 V5 g IR 4 1 B
TR

I 3 AR A AR SC D6 AL DU, B U] Y i A P Ok
g SRR 1Y BT ) J P, A — AR QBRI A
R,: (a,is low, a,is mid) — A,a, Na, BIPE5R
)4 3 TR 1, 3 1 A 0 J 1k A A ) R SR R e A
AR RCR B4 OB E Y, X B TR
RV bR . B, R R I JE I AN, A PR
BB R SR BRI (3) , T &
AR P AR S B B b 3R MR 268 S B
o {R 2k I R

el e

Lolel el
Gront:_ lb = (3)
ANE

FHAE R i e S PR T 20 23 0 AN, = 1
4 808 A0 S 1 B H TS (4) om, 18 X B4
AN, = 1 BRI &, 285 R M € BIMEN ¢, 19i0
FEHEM(S) ERFEBENE C BIEN ¢, AL
g S PR AN IR 0P PRy DR BUR PR R RS
KA R, BV AL i R B R Y S A 2D
BN AN B, AT HL 2200 13X S5
HEMFEER,

sup(R;)
1o conf(R;) (4
T, =T - sup(R;) (5)
XAERTE AN, = 1 BRI SR I & i (5 B
= (6) , MTEXLEAFFE AN, =1 BEURIC R EH

F(T) -
G —T‘{ Tzlez} 6
ey (6)
roeT-T = Tconf(R[) - sup(R,) 7

conf(R,)
WAEXEAFF A AN, = 1 8 C st 200 R
PEME C(k=1,2,--,n) BICKEH N Ty, , W 5X L8
SRS IR B
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T, n _
GZ_T[_;T}H’TJ (8)
i bRk, B MR E L E R AN
Gain(AN,) =G, - G, - G, [ H 44 Gain(AN)) >
0, K@M AN, AR, POZIREE 750, MW BRI 5% K0
W, PEARA AL 3 FR
BE 3 AREHT UM FARSs
Input; FARs
Output ; PRI
Process
1) Generate new candidate attribute in the fuzzy
association rules F ;
2) for every candidate attribute AN; do
3)if Gain( AN;) > 0 then
4)Keep AN, in use;
5)else abandon AN; ;
6) Delete the FARs which including the AN, ,

3 LIS R

3.1 BiEE

SR Corel 5k F TAPR TC-121"212 AN E#
SR IEA TG AR T I, 3 2 4B B 7 T AT 1 8]
BERTEWFIE ) 12 I AR B T RE 1 L3R
A B T RS AR R S R, B8R EMR S
B bR R 4R |

Corel Sk BG4 W 35 Z A~ /- 5 000 i &
H, Corel 5k HY 50 3K CD 45, 37 50 1M iF X &
B, B CD A 100 5 K/ A 1 KIS, 155K
CD R —ANE X F M, filan Kas JEI i o |
T A, Corel Sk RMEREE F 43 1 3 #6847 .
4 000 5K BHEAE N U 254, 500 5K B AE b 50 UF
SEHIRAG AL S B, Hoax 500 5K AE i 4R D
M ERE

it FH 30 1 £ 4% B I LB R S 505 4 000 3K
YR 500 7 56Uk 48 1R A AL Rk 41 )l 19 Y1 2k
£ ZEBED K E R PR 1~5 DMriE
], A rh S A 374 A A, 78 R 4E P
MAEE T 263 MR

IAPR TC-12 ¥4 5 B AE A 2 B AR i IR 4
JEE B ZARAE B R R B AL I s e 4 L dh
20 000 M43 FIEUR , s A F s, ik fne 2 51
RN MR, FEFRAE SR B B, B34 DX I8 1 R AE
)i ELA 99 535 AN JE P, TR AE fr L 4R E B
75 6] LAB  SCPRANZS (Bl B R/ .

3.2 BYHEE

T e/ MBI AR (mES) | S/ NV A
B (mFC) FAr X KN K 3 4SS BB 5 i S AR 1
PERE, N TR IS EL, 1E Corel Sk il IAPR TC-
12 BT, 43 WIBEE AR mFS fl mFC 2 5UHE,
WA 4 Fi7s, 24 mFS=0.05, mFC=0.85 I, A5 1K
FEferm, 0 92.5%, M5 AT LB E| mFS #ok, Xt
TARTE By M8 T BORS, TR S I e R T N Y
mFS, 55—, mFS B, b5 v 0P 5 5 i fah:
R ] DU B S b AR T A SR 92.5% T 2 F 4%
P2 (mFS, mFC)= (0.05, 0.85), [FEE, #1xX 2 4>
BB EH T80 KR AER /N K e L,
BS540 T 4 KA 3.4.5.6.7 .8 B R iE
FITERE LLEE . INZEIRF I, K R 6 T R e ERUR
L5 SRR R MR A R RRAE T R 43 6 A5
B IX 1 JEOR Y 22 ZEAR 2 R RRAE , AO 43 1)
J5 A5 5 22%6 2 A BRI )

~mF$=0.05
100 = mFS=0.10
95 +mFS=0.15
+mFS=0.20
< 90
% 85
% 50
75
70 1 1 1 )
050 060 070 080  0.90
mFC

B4 7A[E mFC 1 mFS THBGIREREE
Fig.4 Precisions of image annotation with different
mFC and mFS

100t

BS5 AR KETHESGIREREE(mFS=0.05, mFC=0.85)
Fig.5 Precisions of image annotation with different K
(mFS=0.05, mFC=0.85)
3.3 iEMiRE

SEISTENL R R 58 Windows 7, 3144 Visual Studio
2012 F I iE 47, 8 ] Intel 2.66 GHz Pentium4
CPU, SEEZ5 8 T HRiE R PE PR ME AEHE 3 A 1%

PR LA TEM HEFR F-measure , 2ZUANTF .
precision = a/b (9)
recall = a/c (10)
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2 X precision X recall

F- c = 11
meastire recall + precision (1)

K a R EFAR T N IR EGE R, b Row
JrA A SR i i R B, ¢ w4
o B SRR AL SR T A R
T 4AMES HIASIRE T LN F
Ml 2 F-measure , N3 4 W& %05 7T DLy
25 HMEAR AR E D B R S . NRTPE R 25
“HITE Corel Sk F1“ 5 4” 7E IAPR TC-12 %45
PRI ERR I R T
F 4  Corel 5k FERiFHIIE M IRE

Table 4 Evaluation measure of annotation on Corel 5k

255 precision recall F-measure
e[ 0.81 0.77 0.85
VO 0.87 0.80 0.90
IR 0.93 0.89 0.93
1 0.87 0.86 0.89
K% 0.92 0.88 0.95
- H{H 0.88 0.84 0.90

&5 IAPR TC-12 BfRiERIEMIRAE
Table 5 Evaluation measure of annotation on IAPR TC-12

2550 precision recall F-measure
B 3) 0.79 0.75 0.82
A 0.87 0.89 0.94
Rt 0.91 0.90 0.88
UL 0.88 0.81 0.87
FHME 0.86 0.84 0.88

3.4 XPLbICEg
3.4.1 Corel Sk L& 5Ehs R

R T A S UE B T ) o A P RN ]
SN T 5 H A S AR T T TR B X H, X E O
£ BB R JECH | PLSA-WORDS'™ | HG-
DM'® #1 CFAR"™*, PLSA-WORDS /& %t T PLSA
PR TR HGDM 2t — i ik TR 5 A AU 9 A 1
Jiik, CFAR #2& tH — Fh BB G 156 B0 W) 35 SR
BLAL

SCIYTE Corel Sk Al IAPR TC-12 2 /> % #8 4
THEAT, 2 6 A Corel Sk i 5 T i bR i 45 41,
FEMERE B A 1 49 A S TRl 4 A AN 2R 4E A b B
260 AR LA A YR EE (MP) FiF-
BIHA MIE(MR) , NFR PR 1 AR ST 5
BAEPERE LB T o 2 BOhR i A A R BLT
2% B HE R PR AR E 1

#* 6 Corel 5k _EEGBIIRFER A EBE LR
Table 6 Performance comparison of automatic image

annotation models on Corel 5k
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Table 7 Performance comparison of automatic image
annotation models on IAPR TC-12
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Our approach 199 032 021

T AR T ) st | SRR AE 2 ARG S
T B FE EGEH AT, 3R 8, IR
DRIBCHRLIN A 1 7 0 - R i 2 L AR BSER SRR
WIS 38, AR SCHE A 5 ¥E X LG CFAR , 5256 15 3|
BRI S E 82 | B o 6 B 140, E B P SR AR X T
TR T 4% S I RIL U] A 48 5 1) B
3.5 7E Corel Sk PRYLRIGER

£ Corel Sk 3054 T, )L 5 000 M &1 4 Fifi
HLIEFE 60% BURAE W ZR4E | 12 F A SCO5 1 25
ARAT AR AT R SRR I s 1 ASAH O 15 R D)
e, BERTAR T 40% 1Y B HHATRR T .

e 9 4 H B AL A B — 2B S S 56 Bk BURR
TR B e i 1) 5 A B E AR O I R Y AR TR A
B, EBH A HAE Corel Sk B ET 5 N TARER
FL#, S B0 45 50 43 0E B T 1y v A o A 1 A ]
ETA



%44 AT, A5 < B TROM SCI AL U N phe SRR 1) P15 A Bk T - 643 -

% 8 Corel 5k f1 IAPR TC-12 FREER B3 KL R LLER
Table 8 Classification results comparison of different models on Corel 5k and IAPR TC-12

S s 18 l SVM CFAR . Our approach .
HE K Sk K FLI %
PN Corel 5k 100 0.85 0.83 12 0.83 9
K Corel 5k 56 0.76 0.82 7 0.83 5
A Corel 5k 78 0.80 0.81 9 0.82 7
2 Corel 5k 90 0.69 0.77 6 0.80 6
b Corel 5k 30 0.69 0.75 4 0.77 5
izl IAPR TC-12 86 0.71 0.80 10 0.82 8
A IAPR TC-12 55 0.70 0.74 7 0.80 6
= IAPR TC-12 90 0.71 0.80 9 0.79 6
Y IAPR TC-12 60 0.72 0.82 8 0.80 7
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Table 9 Results of automatic image annotation on Corel 5k
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L boat, sky, tiger, snow, sun, water, birds, tree, cars, road, snow, mountain,
ARIOE o
buildings, water stone seabeach branchleaf buildings stone, sky
. boat, city, ) sun, water, birds, cars, grass snow, mountain,
NAREE o tiger, snow o
buildings seabeach, sky branchleaf buildings, road stone, sky
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