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Abstract

Automatic image annotation is becoming increasingly important in order to develop algorithms
that are able to search and browse large-scale image databases. In this paper, we propose a novel
annotation approach termed HMM + CNN, which is based on Hidden Markov Model (HMM) and
Convolutional Neural Network (CNN). First, a multi-label CNN is trained as a concept classifier.
Then, through a first-order HMM, image content and semantics correlation is combined to refine
the predicted semantic scores. Finally, to improve the performance of labeling rare concepts, the
gradient descent algorithm is applied for compensating the varying frequencies of concepts de-
rived from imbalanced image datasets. Experiments have been carried out on IAPR TC-12 image
annotation database. The results show that our proposed approach performs favorably compared
with several conventional methods.
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1. 5|8

B TR AR S 2 BRI A X B W R R, KB I 2 A 9 25 g NFRATTI H W AR, il vy
RCAER T B ) R AR E EUR S A AR TR . JUE. B A o NEE, X EIE EshhRE
B ZE H o, IR 2 5 MG B BhARTE i 7 KRB FE, IS T A TR B,
WHR P )77 SCREAENL SVM [1]. B BURIAH 270 A KCCA-2PKNN (2], Filit% % 2] SKL-CRM [3].
PLUgbRVE FastTag [4]. B E0E S AR SVM-DMBRM [5]. K4 HE 8 R 2> NSIDML [6]. A2 pH)
AICARA GDM (7] VAR IAT TR P 2 21 J7 vk ndk QR B2 1 8l G AT ADA [8]. BEUEARZEST
FEART SEM [0 [ 7 38 o 357 1 D0 A 328 8 A 22 X 4% HQ-TIN [ 10745 & 3% A% 455 iy UG b i 75 V5 18 T W
TES 8 SUMES 2 (R R ORTE, T TEARVE RS 2 [R]85 SOOI 7 AT E W 2 RAF EVR AT f R i i . R 207
PAVAE T ) NS 7 30 B SE Rk, TERT A RMES I A B 4R b, 3 SO & 20 A B 1 SOMEE: H IS
# R IEORZE R (B RE & AT ), IR T ARTEJNE M RCR . BRIk, B SE AT S e B E
EMGAREIRA L EWRAG & L.

FE GRS, VR 2 2] 7 (W AP /N 2% CNN) ELAR eI FE 24 31 iR A MR g KRR T, R
1M, HH AR5 EAE SO 2 (M 1 G, X5 T AR e — D st . A SCEPAHZ I, 4R T —
T L T-Ba 5 R B R (HMM) 5 B A7 00 2 [ 2% (CNN) I E 3 B 651 777 HMM + CNN, %7 VE A
HMM BRURAR IS AREE: 40 B ARE S AR AR 3 A A BRI BaB0E & P o 2, Eddm
o ORI (A DM v X BT 3540 7 =20 R BRI ME &8 X4, 48 ThRTERE . /£ HMM AU,
PP IR B RAS P AR e — 2 — B Ty /R vl SR A, TR AN BRORAS AR — A BRs0E &, PIANRRES Z T i)
AR E RN EATHIE SO, BRORAS BT MPRAS Z [ 110 3R/~ B CNN 43 2828 72 A AL 5 18 S5 3
FES IR, B R B S UGS Bl SORES A A A, 5IN T8 UM AR 55, HAETH
RS MEZ RN R LR I R ek 55 T A EME S AR, MRS R E, TR K KIEm T B
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SRRERIMERS . BS, SEIRATIARE 7775 HMM + CNN A FhrEbri: BUZ 4 TAPR TC-12 [11], 45%
BHERAT T2 H B4R T 772 HMM + CNN FRyEREEELL IR &, 2 B B G bR I — R 280772

2. RERMKIRE

F& o JR ] KAk 7 (Hidden Markov Model, f&iFR HMM) [12]7] 2234 B 5N 18] 5 FPIRASEHE, SRR
XA ) AR HE Mg R, HEs@E WM PR O, 7 AW E R REAN UL ) 5 A0 A2 8 ok i g 2 285
FE A RN S FARES, BN ) B2t — A B AN % FE o A PRSP 5 4. L, RS
IRA] RAIY 2 — A FEHLE R —— B — @ RS SR AT R BEABE LR 25, BRI N IREES S
=N, BANVREE S RIBERIREE X, X, I AMEREE(O,, 0,, ...} . HMM BB FRIRE X,
Z AR — AR KA, RS — AN TAEARASFERE oy BRBUIR S HERE A = (ap) VRS HERE B = (by). 114
1 Fis, MBS ET S5 SEA Tk 7 MR R MR a, 5RBEE by, ARTROIRES X, (FRAZE) A2 i
JE IR, TR W TR oo AN 7] B ) BERUIRAS Xy o BT O FEA L AR, HMM AR AT DL 48 51 5
HIER R ETY] . EABA HMM + CNN 1, 8 7Kg, XERE x =1 B —FriEot.

B 53 A FH B SUbRTE w AR BRVEIN MR 1 8 HMM RS b (R BRORES 5 T 0 ) &, U685
FERE A 5 HERE B 43 ml AL T 15 SUBESAE B S N AE B FA 5 H M FRETT 2 HMM + CNN 2 &]
BAREL A — A RERFRIE AR 2, 52 MpgbridE HMM BAUAH LS, HMM + CNN AR 24% 4t
PR AER L RE, AN TR Ak SO0 1) & 7 PR 90 A1 o

3. ZF HMM 5 CNN BBz B& 5T 5%
3.1. [EJRRHR

BTATRIARETTE HMM + CNN A — NG hRE B A 1 2 — NGRS ke R . Wl ghsEN
A=Ay Ly, Holb LRR— B S A T8 SO BB . 18 XFRVE w R B T8 5 | DI A RIS OB
M8 D, 40 “dance” . “horizon” F1 “flower” . WX Q FHIEGEA B S TMNE XS IR .
HEMAEIR T e Q, FMEHNE XhriEERIE R 2 B IR & EMES 78 D, K ZR s 115 SO
AW, wa, o, wid s BAIA 1 HIRE S A 2

R RIS, HMM + CNN ARvEJ7 V5 RE0E [F] I 45 S 30 P9 25 (PR 5 538 SURES A 6, 78
— AN EWNES I D FIRHE, HHS @A B R B S R B A B — BRSO . — RIS
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Figure 1. The graphical illustration of hidden Markov model
B 1. RIRARRERAIE
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T, AR REG [E—RERSEYEAEN, T2, fMnERE e Qn LA HUZ—>nlui
lEE, B R R NS RSB BN, % BB 1 n] E A B AN AT A {11, 1(2), -+, 1K)}

X TR A = (a)T BN R ap RIS R HEBEER, ERNIRETTE
HMM + CNN 44 a; PR ANE SRS w, A1 w; R OCIRPE . T CNIN 29 2888 7= A AL e A 56 23 30T B
FHRIBRAS B R IEZE by € B, 1 RIHEZE by x| CNN 3 2R 2HEEE 1 WU B8 SUME& w, 2 .
MR IR RS I A AURSIAERE B, 385 ¢ — 1 DA R BRGE0E SUBES: w, 7] LACERERAE o, 7 H
B ¢ DA R BT MRS wy, B R BRGEIE XS w, 5 EE T UURSIEZAE b, KB, T 1 2FE
AAEW, FrLA by TICA bye 2B ¢ SPRRGBUE USSR w KPR R, B ¢ — 1 PR R BRI RIE UM &
w; IR SUBER w, 1 P BRI SE ay DRSO S50 R RS by M LR T AT S, KR 551
HHORH QB GERIE MES w, 5wy B A I N 2 518 NS, AN BRI B U&7 51 ] LA 1
1) “HE” &R

2 HEZ5H T HMM + CNN ARE ARSI, FER R — N ARAnE R R EE 1, FTEHER RSB
KR OB SUBES: w, (IR AS) e HELR B Sk RIS 2 W HOBE RS MR a, BV SUSETEE, TSk Sk e
A BRBUIRES 1) R SR ZE R S0 AR G by BE— N BRARAS wy 1T DASR S SOME R MERAR o) S0 N 2
FHORTEELAE b, SRJ5 3T HMM + CNN BRI 1 Bl SUBESIHE Pt . 8 TAUR T, £ 1 8 X
7 HMM + CNN A5yE BT I 5 2555 FRid
3.2. RETEIRMEE

CNN 73 287 A AL A DGt 70 HnT WA A REBSRAS B AR 2R by, 1Z R ITERER R T CNN 326
AR EUR 1 W 205 SUBES w, B FR . AR CNN 2 HT ] Bl NFRATT AR Y, ANk — e, Ak
P TIRFR—NE R I =R CNN A ResNet [131RAE NFRATHT CNN 732K48 .

45 CNN 28 RET RS2, MEATFRELS 2 — N2 &5 IAES5, FIEA ResNet FAY

Annotation result O = {***, w;, ***, wg}
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Figure 2. The HMM + CNN framework
B 2. HMM + CNN £5#5[%]
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Table 1. List of main notations
= 1. FFSFrieE

e X
D o
N Wik R BiE SR /N, N=D|
K IR [ B sEE SUARE R, K<|D|
1 PR B INAIRIERIR, TeQ
S(w) HILE SO w MRS
ay T SORE wi AT w2 )G RS 26, B 3 A SORBRABESR
A D WPIREHBHERE, A= {a;lij=1,, N}
b; WSS w IR SR, B0 w5 1AL AR R
B WESAA L D RS2 AERE, B = {b;[i=1, -, N}
R(w;) B SOMER w [R5 AT B
K X ARJEEE Row)IKN, B Ky = [R(w))|

T A A softmax SR FMUE LIER EMEHRVEIES . B, Wi KIEH 155,/ 1MHE w,
FIA— A R 2 m e SR
exp(qj (1))
S T
Hr, g, (1) ZEE TS 7 MBS w, (BB 047, Bl ResNet 70388577 /E . /ML ResNet il
MR 5 B SEMER I KL BEES, FAVEH W T ZME softmax 15155 4L

1 _
f;oﬂmax = _FZiijivj log(p(wl |1)) ? (2)
R, p R AER TR RS R A8 w B TN p, =185 p,, =0,
3.3. BBHMEMLHE

PN SUBES: 2 [ G RS R R ay ATy 3 IOAE SOORIRME S o JLBIRE 2 2 18 DA — e AR L R L BT
SCRY A S SORES o 6 TR TS 1 AR AN RIS SRS, BT AR AR T — ) AR ) ek
B W R, BTRL, AT DURIE SRR A B R (1 SOREK.

25 8 BB MRS w, B wy, TEVIZGREMR A B2 8 AT G~ SR I RE B ok vh B 3 (10 SORBRE 2,
HMM + CNN FriE 528 DU AR N P& 1 3 MR a:

‘S(Wi)ﬂS(wj)
a; |S(wl.)|

AR THES w, 1w, JEILRAIEE, ARG HOE XS w, AR A — k. & n DA ER AR s e &
BARE w, B I, HAESE S w, FIBEE 2K, HAEEEZ[0.0, 1.0].

U SRBEIE S w2 wy B SUEAR, B w, e R(w), IRAREFERER a;, BIE R 38 HOE CRBEE, &
W, ZAEWBE N 0. BT BEBIBMARER K (e = 1), ZSBWARAFRIE ST i — B HEA
TERANRRIRDS, U I BRIE SUE R AR, Bl A B IIMRE o B0 E N 0. &5 LATR, &
T HMM + CNN ARy E R M GO A = (N, K, 1, S(w), 4, B, R(w)), Kg)-

(M

3
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3.4. HMM + CNN B&tRE 8%

HE—MIRE Q, HEEN—REIEB I e QEEMRKRRMSSR, MAMEIEM D P4 EE UM
& w e D AR R BAEE . A E AN BRI G T TR ) — A W F 51, HMM + CNN FRiE
T30 H AR AR IR B BE A MR R T SRR U8 O = {0y, -, O}, =, Ox}» Of € D HIERFIRT
ag M b; AN TEER, 5% 1 B4 7 HMM + CNN [l UPRERR R 5% o, py M p, RS 3, H
WRAR A pr+py =1, BAIRR KGR ZE A ) 5 R M2 (U5 SO M) —# R E . B8 H
FL UG AR ML A B D RACFATR), BUARRENE S-S w LB ES S K/DNRE ZRI, AFE
S BB py F p, 5 LI TE I 2R U AR b DASE G TIE 77 V3R L, A2 B4 0 8 e A [ 8 18

8% 1 HMM + CNN H 3 B kriE

WA LA, MSFH D, REEF Te Q

it AESERE 0= {0, 0, -, Okl o

1 MRS HBIERE A= {alij=1, -, N};

2 MRS MARIERE B={b]j =1, -, N};

3 WHAHARES R O, = max,_ ., (b;),0=0;

4 for k=2 to K do

5 B b BREME O =we WO, =max,__ (pb, +p.a;):

6 O= OUOj ;

7 end for

8 iRm45 L O.

4. SCIGAIVEMY
4.1. HiRE

PRSI R T ATFARIESIESE IAPR TC-12 [11]. ‘EBEH 19,627 KEHE, HikEIGEE 1~23 4
PR, FRER D B 291 AME SOMER . SRABENLMAE, 17,665 TRIEMEIENIUIZREE, RT 1962 sk EHUEAE
HMREE, 20 T5%MES AR T PSR . BATRA G SCUR[SIH R IV fads: PIHERZ% P ~F
BIEER R, FAASME F1 5IEA RESE N FrA S bR AR SR s b PE R i

4.2. KWERSHH

R A SR 2 A R R PRIV SURLUER {py, po} ISR, 25 SRS A8 LB IE T i I ZRIEMG A BEN L 7
AN 5 A, HEARGEZT B REIEERN, HA& 4 HEGENHRR—NII%E.

T, HEE MG ZISEBE LIE USRI TEE, BEEGHNESEp, p}RERE, W
DHXT FRRvETERERI S . 1% 7725909 HMM + CNN (without weight learning). 7£55 —Fi5ol, % pEiE X
R 23 A0 AR P, XA ] R AR P o SOME & 25 7 A 6] (1 22 50 B 22 3 SUhri e RE 1 B, AL,
X FANE HE S w;, € DA TAFENE (p), po}» ETFMSBEARA R KRS MR E Pl SHEBM
AR P2, {P1, P2} ARSI AR kR k.

1) ¥IUEteA E &, B P1=0,P2=1-PI;

2) MFHAERER i(1 <I< N):

2a) XFAFEIE p, € {0,0.1, -, 1} HATEIE | FAbRELERE O FFe R K F1 HRESEL B
AN R IR EAE pmy: P1;=pmy, P2, =1 — Pl
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Table 2. Performance comparisons of multi-label image annotation

2. SIREEGIREMRELL

FRIETT SFIJHERGR P PHIHE % R WANBE F1 B4 [ A N+
SVM [1] 0.27 031 0.29 157
KCCA-2PKNN [2] 0.59 0.30 039 259
SKL-CRM [3] 047 032 0.38 274
FastTag [4] 047 0.26 0.34 280
SVM-DMBRM [5] 0.56 0.29 0.38 283
NSIDML [6] 0.57 0.37 0.45 282
GDM [7] 0.32 0.29 0.30 252
ADA [8] 0.42 0.30 035 280

SEM [9] 041 0.39 0.40 -

HQ-III [10] 0.43 0.41 0.42 281
HMM + CNN (Ours) 0.64 045 0.53 285

2b) i fEn—, Bli=i+1;

3) % AUE )& P1, P2,

SR, ERBUERT TR T E B O(11 x N)o MSREGZE B, 55— Fis ol T % T RUE 25
77158 HMM + CNN BUEFRIETTERCR LT 26 — M 0L N # HMM + CNN (without weight learning) b
Jiiko

2 B T 5 ok USRI 7 IR 0] L S 45

MFE2 RTIL, FRATTHY HMM + CNN 77588 1 Ao b7, 3k45 7 B AF bnidrtse. 5P
UFHXF EEbRiE 792 NSIDML e, HMM + CNN J7vERSFIHER R . P A R, WAME F1 25l
T 12% 22%. 18%. — 771, ARGE A 22 AR G M CR SR 2E) AT DAAZ A 0 9 25 510 SOBES: B A DG 1
F—ITT, 8 SCORERMECE B2 I B tH BRbR i ME S 2 TR SOORIE, R ERfth i iR 1 G ) “ iR
LF ., EEGAREFTS S, XA RBMA SRR T HHMER, BF —emaAME, WA
L UFRATH HMM + CNN 7kl $8 S G bR g . e ok, FERRE Uit & A A 138 SO E 52 2]
Ji 5 RIRAF A B A5 OB, LA, TEAPAT AR A 1, FAT10) HMM + CNN 57 B S A bR E R -
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