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Abstract Image captioning is a task that uses an image as input to generate the natural language description of this image by
modeling and calculation,so that computers have the ability to “talk about the pictures”. It is another new type of computer vision
task after image recognition,image segmentation and target tracking. This paper focuses on the development of image captioning
and gives a detailed survey of the image captioning methods based on template,retrieval and deep learning. And this paper espe-
cially focuses on the deep learning-based methods and discusses the experimental results of various methods. Experimental evalu-
ation indexes and the common datasets used in this field are introduced in detail. Finally, this paper points out the problems and
research directions in the future.
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person with shoulder bag is walking
across shaky wooden slat bridge

group of hot air ballons lit up

small boy smiles as he stands with
at night

others wearing the same black hats

1 R AT 55 9240
Fig. 1 Examples of image captioning
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Fig. 2 Image captioning based on template
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Fig. 3 Encoder-decoder based image captioning model

BT UR B 2 0 R R A R B K £ R A L CNN-
RNN Sy 3 A% 852 R 1) 2 % 251 5 25 A 42000, CNNE7 91 5
WAL E B BUR b AL E A A B R BT DL IR R AE T
I R R B A AR P9 25 i T T A B3 0 1] . CNIN R
T AR R AR BE L H e SR I BROREZ 1 e 1
il T 1 A . RININET 200 B ofe 32 L 4 % J5 19 TB1 4% O A= 1
SCA A 1 T 45 A5 AL B RE 65 I AT 80 A s T S RS
kB3 O B s 8 T P FB A7 Ak SR T i A s A AT B
BI{5 E . Vinyals 851 #E A9 NIC #6884 F LSTM R &
Mao 255 BRI ) RNN, Jia 8550 3 — 80k T NIC #

R i g 1 A A SR A ) B A R R BB I K Y I R
ISR s Mao %500 34 ff I 5 1% £ AE 19 Region-CNN J5 7%y [&]
15 R K I A IR

2.3.1 ATFaZHAE G %

I 25 VR BB 2% 3J 1) & Ji& . Bahdanau 25097 15 BIL 75 13 491 s 312
W I HLE . A ML B T S P i 4
SRS HLAR Ry TR D L R 2 A B S K B )
SR BR P L ) ML DA SR B AT B G R — A [
S Ti) B T 2 3 2 P — A B R S g e ke o 4 B 1] 4 1
N HEAT AR L2355 i P 451X 48 0 2R 3R] 79 A G 4, DA T 3R BB &2
B G E Ay . Xu 220900 1 38 0 LRI Rl A G 55 8- A
FRAELE L P ) AT PRl A (A5 2 5 SR A5 B AR KA $2 T

<start> O O“a\"|

e Odogr it

<J i

O
0‘1
ﬁ I
CNN E 1§ 454E
P 1 4 700 22

‘P “beach” O O <end>|
4TI

i i UE
O LSIMPO)

E B IALH

B4l TR TR ML G B 28 - A 8 AR A A A5 Y
Fig. 4 Encoder-decoder image captioning model combined

with attention mechanism
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Table 1 Performance of encoder-decoder based image captioning methods on different datasets
S i ‘ ‘ i i 45 4R i -
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr

Flickr 8K 0.57 0.39 0.257 0.17 — —

Maol567 Flickr 30K 0. 60 0.41 0.28 0.19 — —

MS COCO 0.67 0.49 0.35 0.25 - -

Flickr 8K 0.65 0.46 0.32 0.22 0.20 —

Jial®1] Flickr 30K 0.65 0.47 0. 31 0.21 0.18 —

MS COCO 0.47 0.49 0.36 0.26 0.23 —

Flickr 8K 0.67 0.46 0.31 0.21 0.20 —

Xul32] Flickr 30K 0.67 0.44 0. 30 0. 20 0.18 —

MS COCO 0.72 0.50 0.36 0.25 0.23 —

Flickr 8K - — — - — —
Lult8] Flickr 30K 0.68 0.49 0.35 0.25 0.20 0.53
MS COCO 0.75 0.58 0. 44 0.34 0.26 1.04

Flickr 8K - — — - — —

Andersonl?%] Flickr 30K — - - — - -
MS COCO 0. 80 0.64 0.49 0.37 0.28 1.18

Flickr 8K - — — - — —

Yang! 't Flickr 30K - — — - — -
MS COCO 0.81 — — 0.39 0.28 1.29

Flickr 8K - — — - — —
Zhou #9) Flickr 30K 0.734 — - 0.301 0.226 0.693
MS COCO 0. 802 — — 0. 380 0.285 1.261

Flickr 8K - — — - — —

Chen!%) Flickr 30K - - - - - -
MS COCO — — — 0.230 0.245 2.042

® 1P RBES AR, BARAFTESC R 6 28 3 0 5
IG5 RS R (AR AT LU Y BB BIF 50 5 A0 4 T 4 -
iR T 45 HE A A9 AN T 8 R LA B T D LA A A B B 4% 0
PR 18 bR AR A W7 M R R T R A AR IR A A TR A IR T
T AR TR . R B AT TR 2 ST B G 38 T
VA T 3 LA A 28 Sy fE R Al 5 i AR AR T LA 2 5 B R A

1 [ 45 3 3
2.3.2 AT AR L F ik

Al X Pt M 4% ( Generative Adversarial Networks,
GANs) #7338 — il JC Wi B 1) TR B2 2 2 AL T AR R 4 92
AT ATE o, 2 AR AAHFRIFWTRZ . &
TSR ATC 00 2% A5 B 22 /A P S AT s A R I 2% A ) T 2%
TEIN G B v, Az il 0 4 A R i S 0 25040 A 3 B 340 531
P50 2%, 3 L3 3k a0 ) 190 4% (1 45 2 AN W 1647 2% T 5 T 40 S 9 5% 1
T 55 50 A X732 Y 5080 R SN o X PR I 4 i Bl A
BRI 25 2 20, AT UM TE A5 28 (0 508 v 2 2T /R AE L DT A2 0T 1Y
A . Dai %07 F 2017 45 HY A 0% BT 190 45 58 3 42 i) B AL
Wt e [6] 4 A 2 A AL I A 3R . IR AL 43 S TR 43 (I AT 5
FRER) < 5 — B0 43 2 B0 T HE AR 43 A % 4 TR AR SR B CNIN
AR B RS ARRAE . ff FH LSTM S A 5L A F » X 1 J2 78 A= A B
A B AT AL IR 75, O A R ) AR R o R B H A B A
T B R B AR AT VAR 5 AR A Sk MO PR AL L R
LSTM X 4] 5 #5647 4 it , 5 & GURFAE — i Ak P AR A5 — A 3

(B PP Z A A RS 5 N SR A L 2 4T RN 4
T i (0 T SR W o 32 5 1k S 1) A 7 R S L LR A R R Y
BEARAE A B SRR A AT

<start> LSTM “a”-l

|
“r LSTM “dog4"——|

Dropout |—>| Logistic |—>I W I

S CNN
<start> “a”  “beach” R
[¥l 5 T A X T R 2% 114 1 45 A R
Fig.5 Image captioning based on generative adversarial network
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Fig. 6 Reinforcement learning setting
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Fig. 7 Image captioning based on dense captioning

Johnson 259 F 2015 4 T — R & B TN 45 554, £
 ONNFEE M2 M LSTM 155 2. 1% M 4 F JH W2 1k
T2 60 J2 1 AT S 3o 81 o 2K A N 4, 0 T A R i X
B, FURE AT — WO Ak RN AT B T S Rk TT LA B o 45 R
Yang 4500 HE Y — Fh T HEEL AN LR SCAl A MR
o A FEAL A T DX I T 45 R AF A0 T 00 A A DL



154

Computer Science THEMEL2  Vol. 47,No. 12, Dec. 2020

DX 30 o AT e e AT X 0 28 4 TG 7 4E Y X A e, [
T SCRL A L SOAR RRAE 5 ERARRAE A S A BRI I
PG i . Kim 0V R FREMBEE - 2T 5 =0
% #% (Multi-task Triple-stream Network, MTTSNet) , % W %%
i X3 A A ) 4% (Region Proposal Network, RPN) il 3 4~ A~
I7) 3] P A 48 19 0 B S T 41 B, FE RPN AR 80X o 4 K38
N[5 B4 47 B 2 e S [8) 1 P SA00R 04 T AN A . O EETE R
I ) 1 s 285 22 ) ST AR [R) AT SR R A U N 4R R B

R MR AN . Yin S50 45 78 9 4 A v A (8] 1145 DX 30
Z[E] B AT SCOGHK I 3 T AR T 22 R RRAE fil 5 A LA
T SCJE M M ML e R A A ST N AP Al B i 3 D Y 1]
R 8 3 A [ {5 DX 30 1) B A S L PR IE T A [ R X I 2
R ETFSCRR, HEMRT LR EER2RERS S

AN DR A R TR SCAR O M i PSR A L EUR: il T AR A
TR PR AR 9 A () X3 P 50 0 AT i 38 DAL Ik 25 0 A o i A
AN PR B0 T2 A A I 2 S BRI O o B O 22

F 2 FET A BTG4 B AL 2 T B RGN 3 T 1k 0 S S5 R X I

Table 2 Performance of GAN based and reinforcement learning based image captioning methods
ik i iR _
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr ROUGEL
Dail 7] MS COCO — — 0.305 0.207 0.224 0.795 0.527
Deshpande®  MS COCO 0.739 0.569 0.425 0.316 0. 255 1.045 0.532
Dognin "% MS COCO — — — — 0.260 1.027 —
Chenl"8] MS COCO 0.744 0.581 0.443 0.338 0. 262 —
Liul84] MS COCO 0.754 0.591 0. 445 0.332 0.257 1.013 0.550
Renniel7H MS COCO 0. 354 0.271 1.175 0.566
Gaot87] MS COCO 0.776 0.613 0.465 0.348 0.269 1.126 0.561
Chenl®8] MS COCO 0.270 1.172

NFe 2 AT LA A ] 7 vk B 45 SR ) E R < 22 B B/ L (B
I 33 6 5 i A P AR 3R AT BE S T PR A TR T R A B
B O EA R R0 R

3 EMERR

i PG R 40 5 A PP #8455 BLEUS) , METE-
ORM4, ROUGEM*, CIDEr***! fil SPICE™, H v BLEU Al
Meteor A2 #]3E J T AL 2% B . ROUGE & Jl F SCA H s 2 .
CIDEr Al SPICE A J& 2y P il ik L T WA . th T AR 4
RS TF RS T AL B L A Sl 2R Y R AL L A AR
X Bt P 4% S TR B 27 2] I vk, DA B 5 R T 6 48 b w4 R LD
TR . N SCR A BIEAT T 4 38
3.1 BLEU

XUE & F 4 Bh T B (Bilingual Evaluation Understudy,
BLEU) & H IBM 24 7 F 2002 4F 42 7 i, 2% T B i 5k
O FE T 58 P 48 1 19 N-grams Ml BP & 51 /7, H o N-
grams J N B0 B N —IBUE A 4,38 0 %t £ 074 A 1 5
AN [ SR B B R B AT R Bk T A g e B L A =X
W
Z %:min(hk (¢;) ,rineanf( hy Csi )

z{:;min(llk(c;))
Horpr, Py 2% B N-gram 898§ B 2 hy (i) RIREE & 4> N-gram
TERRIEA] ¢ P BB R B by (s ) TR 8 b A N-gram 7EA% e
BEA] 5 *ﬁfﬂﬂﬁ‘(ﬁﬁ,rjneaf hy (s;) 78 3 N-gram 78 £ 4%
bt 22 ) b i B a2 09 TR, 43 F 2 IR R OR B N-gram 7
FEPPE A S 2% ) i L /N IR B, i T 2 R 8
N-gram Gt it & B4 BE W/, S8 7 45 4% B G 1 5 09 4 L B
FOMBCF {8 A LG T E 48 B R iiE i A =K

Py=

(@Y

N
BLEU=DBP * exp( 2 W,logPy) (2)
)

Hor,W, S8 B N-grams (008 B 0 ACE , S 707 ) K B R F

S AR EN . BP N 150 BP He' 1 kAT .

1. L.>1,
Bp=| , (3
e L, [ <l

BLEU 2% 0 & F AN F6 05 , Al 1 77 il DB L P40 25 2R
P ANV A0 HAR 2 AR T A 5 I L A o R
W B[R] SCIR] AR Bl 2 5K , T RE 43 A B AR AR A O
3.2 METEOR

METEOR (Metric for Evaluation of Translation with Ex-
plicit ORdering) PEA 845 H1 Satanjeev T 2002 4F # HiMY %
FEAR AL T 20 5 3 In] B8 0 HORE BE 09 I A AT 3 8 R AN T
BLEU ) — 28§l , I H38 I 1 3 F WordNet™ 1) [[] 3] 4
LA P[] 8] DG e A o) B, B F [R) S 0] FE 45 E — 4R A
m o 38 i e NARIT FBE ch o, THRRE TR S % A 22 T A U A R
FUA 8] 2R B4 8 A2 {E . 45 1 METEOR {8, A F .

METEOR= (1—Pen) Foeun )
Hop, E W R ¥ — Py __ PR, 4
H 2] R AL Pen }/(m) s Forean P (=0, 1
73 155 0 R 06 o R P — o R

lek(c,)
0 Ry =5l 7.0 Fla AR A B8 4 9 2
% 2

%, METEOR 485 1+58 ff 97 /5] 76 8 A 35 8 E T o 1 5 A
A B S A T S m AR AR T RS S AR
A FI 2 A BUR 4 7 L MR A D AR R A% WA
%z,
3.3 ROUGE

ROUGE(Recall-oriented Understudy for Gisting Evalua-
tion) i Lin""™' F 2004 442 . & ¥ H T A b i 24 5.
ROUGE Y848 F1 BLEU — 34, X 78 T BLEU 3|53 0 J2& o



a5 R POR SA

%, M ROUGE M5 R B |, ZI8hah e LT RK A
7 /4] (Longest Common Subsequence, LCS) , B £ ¥ 4] f1 2
A K AR R B [ i ROUGE 3% LLF 4 Fh 4 23 3547
ROUGE-N, ROUGE-L, ROUGE-'W #l ROUGE-S, H &
ROUGE-N &3t + N-gram WL B ¥ 411, 5 BLEU 254U,
ROUGE-L #£F LCS K34 #5717 7 Al 2 25 ) 22 8] (4 A L1
DIFE PR X MBS %4 Y A AR .

. _(+BOR.P.
ROUGE-L == (5)

LCS(X,Y) _ LCSIX,Y)
m n

Hrr,R,, = s Py, sm Fon 43940 F

XY RIS

ROUGE-W 24 A M E M LCS it , B i 5=k % 22 1F 7
B A BT T B A 433k . ROUGE-S J& % 7R i 28 — ot 20 90 %
B gt Bt — A8 7 i A A L B A2 A ] LA AR
fEE—A i, AU .

Lo B R Paipe
ROUGE-S === gt (6)
s g Puw o _SKIP2XY) pp SKIP2X.Y)
Ryipo m n

3.4 CIDEr

CIDEr (Consensus-based Image Description Evaluation)
TR AR HE B Vedantam T 2015 48 76 11 8 WAL 58 5 456 =R 51
Kox LRI, CIDEr 7] LAVF /E BLEU 5 1] i %5 6] 45 2 1)
g5 FLFHUR A ) F B MR SO AL B fE ) TF-IDFY7 3157 3
BATAAL TR , AT ) F R R i ) IR Sl A TS R T A FL S
%)y TE-IDF [ 4 9 4% 5% FE 29 2k 11 50 W0 & 22 18] /9 AR L1
BT .

CIDEr(c, ,s,>:i\] S CIDEr, (¢, .S, %)
1 n=1
Hor e, 1S, HREFIFAMESHZMES, T AR NH,

A EARLE T3

CIDEr (¢, S) =L 5 &nle) ¥ enls;)

m S Tao Tx gyl
TF-IDF AL E g, (< VWA TR T .
I RED | 1]
&)=yl s A S R
w, €0 Ie; q

H,w X/RAE K N-grams, ( « ) FR o EFIEA] ¢; S
Za] s, IR B Q J& N-grams 7R, BERBES.
CIDEr 48 %5 W 0L 55 J2 8 33 TF-IDF 44 A [F] A9 56 8 17 T 3 K [
FY R . BE A8 ) BT o 17 ) 2 A5 S B PR Y G B L T X 4
BB JEIG rb a5 oAy 6 B 45 8L 00 R 4 7 T g 1 40 0 T X
BB — 26 0 0C B E MR B I R 48 T BUR i 4 A
3.5 SPICE

SPICE (Semantic Propositional Image Caption Evalua-
tion) i Anderson % T 2016 4F4& L TTH T 747 [ 4 4l
WAESS . Z 000 PP O 1 #R R B T Nogram 347 1150, T %
T3 1 3 T g IR ik OGRS SCL X R 15 T
S A 1R CJE K 30k (Probabilistic Context-Free

Grammar, PCFG) ™ fft 7 Jhy 1 SC B S8 B , 3F 1 e 4 Sy 1 L 35
SRR A R R RO R F R HEAT
WP 4 . SPICE iFMr 46458 5 AN KM EY &, H 2R e
T H Wi IR S A R

4 FRHESE

4.1 MS COCO

MS COCO (Microsoft COCO (Common Objects in Con-
text) FOHE AEL 2 i MK T 2014 4E VS Ll aE 7E AMT (Ad-
vanced Manufacturing Technology) 3 & b #4784 Ax v 4 2t
RORCHRAE . AR E U B o B, EE R B AR AR
H AR 2 E) F EGOE #1414 . R A & W 0 B
VIR EUR N A R E IR BRI R s 8 T A 2 H R AR T
. 2014 JiAY MS COCO % #s 4 345 82 783 4~ Il 25 B & .
40504 AN Y AIEES A 40775 AR B, Hoh 4 91 AN ik
FON AR BAT A .80 A X 285 (32 i@ T H) , P35 5
KBRS 3.5 A7 T LB BRSNS HHAR, R
8 1 AR RGBT 20% , R & 1 A5 H 4R 9 &
GREERE 10% . F34h ARZ ST P AR D T 24 524 2 Hoih
FRE B AR S B S /NB R R 2. T MS COCO %l 4k
ER M S 2, Bin R /N, Wi 86 4 L4 0
T Z L BV Aok, F T EG P R RS o A B0 L R 22 B i )
Tl B 4R A A B, MS COCO it 5t i 4 H #i
SREAL AR B 90 358 I 32 W 1 AR 4
4,2 TFlickr 8K A Flickr 30K

Flickr KM A Flickr 30K % 4% £ 43 B F 2013 4E
2015 4 ¢y 35 [ 7 ) v A A4 b ol B0 4 P e 1B 1 DORE PR
AR AR K . Flickr 8K 35 426155 8092 K JTPEG #% X Y
B il R k& 6 092 5k . 5 B4R 1 000 58 R T & &R
1000 3K, JF &7k BHGR T B & Sk M- 5 MARRN S %
iR A, A5k R DR R A B30 1108 A, % AR
BN E B FHE

Flickr 30K %4451 7 31783 kB4, L4 513644 5L
i, ZBARAE T 94, 200 i BIG AL S NZE L 12 % 1 BB AL B
WAL A ) R B B AR A B 69. 9% A 28% . B
18 1% M AR A & 3R F K HAb T B, 5 Flickr 8K —#,
Flickr 30K ##aE i sk B& 394 5 S H ik 4], It A
WHoE & F 33 T EHER 5 A SE O g FE

BT € A EE S RIS 5 Y E e R P ik o =
B ARG | P52 438 | PR A5 4 3 400 3ek ) F 5% 3 A1) e P 00 BB
L, WA HTEREH BT S O ELA Visual Ge-

nomel'’?, Instagram''®), TAPR TC-12M°, MIT-Adobe
FiveK 0% 45
HERE ARG R B AR B I AR Y

JE RT3 s DL SR B R AT TR A . BRI TR
B0 K 1 TR JBE 2 5 125 Of gk ple P 480 3t A 55 1015 o iy ¢
BT AR AR AR AR T IRMR R R BRI
HE &y AR En@s . B3 FIirsmyim s . 4 A



156

Com puter Science

HEHLENE Vol. 47,No. 12, Dec. 2020

B A T B A A i BB O L B R 2 A R
il P EAUAE IR A FUR I R A IR B B T
S84 T0 W A U1 T ORI IXURG P A 3 2 P 4Rl ik oR R 9 e Jie
BH, TETWE M7 0T AN B 2 R R R ) T A% T
[HISEVETE SONPN (R VPO &/ FOR TS R L AN
FI4 A1 3 0T A 8 Y P I e A 2 R A T R A L R SLRT DL

X AT B4 3R AR AN R A () B 3 R T EL RE S B N A [
P55 AR A [ A SR AT 1) ) PR A5 o o 7 T R AL Y A S
T BRI R AL RE A5 F 0T 7 [a) HH 0 DX A AR S N B 1 TR R

A AE R SRR T RO B o S 2 A A g R0 L T

6 M B I 25 7 5 T 32 Bl 4R 04 B A B 68 7 TR IE A2 A
5S¢ R ) T A TR] IR o AR e b A XU A B 451 T 7 A= e e 4
2% RO XU 2 28 TS EXURS it A BT AR L 2 2R

7 ST 1) 4 PR I . T TR R A 55 ) U0 B TR R AR
D7k H AR (ELR X T R 2 ) HE 2R A R R R T G B

PRI T PG 1 0 oy 2 00 5 B — 2B BT I . R R 3
AREL W IZ BT TR BB AR B AR R A R A T A
S X AT B H AR I A A A T2 PR R SRR R R R T
S5 TEGRIE 7 > N TR RESURAY R — D EZ WS 1 .

% x

[1] XU H J,HUANG C Q.HUANG X D,et al. Multi-modal multi-
concept-based deep neural network for automatic image annota-
tion[ ] J. Multimedia Tools and Applications, 2019, 78 (21):
30651-30675.

[2] ROYA R,MANSOUR ]J.Image annotation using multi-view
non-negative matrix factorization with different number of basis
vectors[ ] ]. Journal of Visual Communication and Image Repre-
sentation,2017,46(1) :1-12.

[3] ZHANG Z,ZHAO Y X,LI D,et al. A novel image annotation
model based on content representation with multi-layer segmen-
tation[ ] ]. Neural Computing and Applications, 2015, 26 (6):
1407-1422.

[4] RENY M,CHENG X Y.LI X Y,et al. Description and Recog-
nition of Image Based on Concept Semantics[J]. Computer Scien-
ce,2008,35(7) :206-212.

[5] XIE D N,ROSS G,PIOTR D,et al. Aggregated residual trans-
formations for deep neural networks[ CJ // 30th IEEE Confe-
rence on Computer Vision and Pattern Recognition, CVPR
2017. Honolulu, HI, United states: Institute of Electrical and
Electronics Engineers Inc. ,2017:5987-5995.

[6] HEK M,ZHANG X Y,REN S Q.et al. Deep residual learning
for image recognition[ C]//29th IEEE Conference on Computer
Vision and Pattern Recognition(CVPR 2016). Las Vegas, NV,
United States:IEEE Computer Society,2016:770-778.

[7] CHRISTIAN S.LIU W,YANG Q J.,et al. Going deeper with
convolutions[ C] / IEEE Conference on Computer Vision and
Pattern Recognition(CVPR 2015). Boston, MA, United States:
IEEE Computer Society,2015:1-9.

[8] CHRISTIAN S,SERGEY I, VINCENT V.et al. Inception-v4,

L9l

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

inception-ResNet and the impact of residual connections on
learning[ C] // 31st AAAI Conference on Artificial Intelligence
(AAAIT 2017). San Francisco, CA, United States: AAAI Press,
2017.4278-4284.

SZEGEDY C,VANHOUCKE V,IOFFE S, et al. Rethinking the
Inception Architecture for Computer Vision[ C] // 29th IEEE
Conference on Computer Vision and Pattern Recognition(CVPR
2016). Las Vegas, NV, United States: [IEEE Computer Society,
2016:2818-2826.

ZHANG W W,ZHOU H,SUN S Y,et al. Robust multi-modali-
ty multi-object tracking [ C] // 17th IEEE/CVF International
Conference on Computer Vision(ICCV 2019). Seoul, Korea, Re-
public of Institute of Electrical and Electronics Engineers Inc. ,
2019:2365-2374.

KAREN S,ANDREW Z. Very deep convolutional networks for
large-scale image recognition[ C] // 3rd International Conference
on Learning Representations(ICLLR 2015). San Diego, CA, Uni-
ted States: International Conference on Learning Representa-
tions, ICLR,2015.

STEFANO M. Knowledge enhanced representations to reduce
the semantic gap in clinical decision support[ C]//9th PhD Sym-
posium on Future Directions in Information Access ( FDIA
2019). Milan, Italy: CEUR-WS,2019:4-9.

TANG J H,ZHA Z J,TAO D C, et al. Semantic-Gap-Oriented
Active Learning for Multilabel Image Annotation [ ] ]. Ieee
Transactions on Image Processing,2012,21(4) :2354-2360.
YANG X,TANG K H,ZHANG H W,et al. Auto-encoding
scene graphs for image captioning[ C]// 32nd IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition ( CVPR
2019). Long Beach,CA, United States: IEEE Computer Society,
2019:10677-10686.

LU J S,XIONG C M,DEVI P,et al. Knowing when to look:
Adaptive attention via a visual sentinel for image captioning
[C]//30th IEEE Conference on Computer Vision and Pattern
Recognition(CVPR 2017). Honolulu, HI, United states: Institu-
te of Electrical and Electronics Engineers Inc., 2017 3242-
3250.

CHEN S Z,JIN Q,WANG P,et al. Say As You Wish:Fine-
grained Control of Image Caption Generation with Scene Graphs
[J]. arXiv:2003. 00387.

CHEN T S,LIN L,ZUO W M,et al. Learning a wavelet-like au-
to-encoder to accelerate deep neural networks[C]//32nd AAAI
Conference on Artificial Intelligence CAAAT 2018). New Orlea-
ns, LA, United states: AAAI press,2018:6722-6729.

HYUN K, HYUNSOO Y,KI-WOONG P. Multi-targeted back-
door: Indentifying backdoor attack for multiple deep neural net-
works[ J]. IEICE Transactions on Information and Systems.,
2020,E103D(4) . 883-887.

OORD A V D,LI Y Z.,BABUSCHKIN I,et al.Parallel
WaveNet: Fast high-fidelity speech synthesis[ C]//35th Interna-
tional Conference on Machine Learning, ICML. Stockholm, Swe-
den: International Machine Learning Society (IMLS), 2018:
6270-6278.



B

ai - 55 R R PR 23R

157

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

ZHU ] Y,ZHANG R,PATHAK D, et al. Toward multimodal
image-to-image translation [ C] // 31st Annual Conference on
Neural Information Processing Systems ( NIPS 2017). Long
Beach, CA, United States: Neural Information Processing Sys-
tems Foundation,2017:466-477.

WANG Q.MAO Z D,WANG B,et al. Knowledge graph embed-
ding: A survey of approaches and applications[ ] ]. IEEE Trans-
actions on Knowledge and Data Engineering, 2017, 29 (12) .
2724-2743.

HINTON G, OSINDERO S, TEH Y W. A fast learning algo-
rithm for deep belief nets[]]. Neural computation,2006,18(7) ;
1527-1554.

WANG Y Y,WANG L,QI J,et al. Improved text clustering al-
gorithm and application in microblogging public opinion analysis
[C] // 2013 4th World Congress on Software Engineering
(WCSE 2013). Hong Kong, China: IEEE Computer Society,
2013:27-31.

YANG Y X. Research and Realization of Internet Public Opinion
Analysis Based on Improved TF-IDF Algorithm[C]// 16th In-
ternational Symposium on Distributed Computing and Applica-
tions to Business, Engineering and Science(DCABES 2017). An-
Yang,He Nan,China:Institute of Electrical and Electronics En-
gineers Inc. ,2017.:80-83.

IOFFE S, SZEGEDY C. Batch normalization: Accelerating deep
network training by reducing internal covariate shift[C]//32nd
International Conference on Machine Learning (ICML 2015).
Lile,France: International Machine Learning Society (IMLS),
2015:448-456.

HE K M,ZHANG X Y,REN S Q. et al. Identity mappings in
deep residual networks[ C] // 21st ACM Conference on Compu-
ter and Communications Security (CCS 2014 ). Scottsdale, AZ,
United states:Springer Verlag,2016:630-645.

WU Z F,SHEN C H,HENGEL A V D. Wider or Deeper: Re-
visiting the ResNet Model for Visual Recognition[ ]J]. Pattern
Recognition,2019,90:119-133.

WANG N,SONG Y B,MA C,et al. Unsupervised deep tracking
[C] // 32nd IEEE/CVF Conference on Computer Vision and
Pattern Recognition C(CCVPR 2019). Long Beach, CA, United
States: IEEE Computer Society,2019:1308-1317.

ANDERSON P, HE X D, BUEHLER C, et al. Bottom-Up and
Top-Down Attention for Image Captioning and Visual Question
Answering[ C] // 31st Meeting of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR 2018). Salt
Lake City, UT, United States: IEEE Computer Society, 2018:
6077-6086.

DESHPANDE A, ANEJA J, WANG L W, et al. Fast, diverse
and accurate image captioning guided by part-of-speech[ C] //
32nd IEEE/CVF Conference on Computer Vision and Pattern
Recognition C(CVPR 2019). Long Beach, CA, United states:
IEEE Computer Society,2019:10687-10696.

VINYALS O, TOSHEV A,BENGIO S, et al. Show and tell: A

neural image caption generator[ C]// IEEE Conference on Com-

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

puter Vision and Pattern Recognition (CVPR 2015). Boston,
MA , United States:IEEE Computer Society,2015:3156-3164.
XU K,BA J L,KIROS R,et al. Show,attend and tell: Neural
image caption generation with visual attention[ C]//32nd Inter-
national Conference on Machine Learning. Lile, France: Interna-
tional Machine Learning Society (IMLS),2015:2048-2057.
CORNIA M,BARALDI L,CUCCHIARA R. Show, control and
tell: A framework for generating controllable and grounded cap-
tions[ C] // 32nd IEEE/CVF Conference on Computer Vision
and Pattern Recognition(CVPR 2019). Long Beach, CA, United
States:IEEE Computer Society,2019:8299-8308.

HOSSAIN M Z,SOHEL F,SHIRATUDDIN M F,et al. A com-
prehensive survey of deep learning for image captioning[ ] ].
ACM Computing Surveys,2019,51(6):118:1-118:36

YAGI M,SHIBATA T,TAKADA K. Human-perception-like
image recognition system based on the Associative Processor ar-
chitecture[ CJ // 11th European Signal Processing Conference.
EUSIPCO. Toulouse, France: European Signal Processing Con-
ference, EUSIPCO,2002.

ITO S,MITSUKURA Y,FUKUMI M, et al. The image recog-
nition system by using the FA and SNN[C] // 7th International
Conference on Knowledge-Based Intelligent Information and En-
gineering Systems ( KES 2003). Oxford, United Kingdom:
Springer Verlag,2003:578-584.

KEYSERS D,DESELAERS T,NEY H. Pixel-to-pixel matching
for image recognition using Hungarian graph matching[ C] /
26th DAGM Symposium on Pattern Recognition. Tubingen,
Germany: Springer Verlag,2004:154-162.

FARHADI A,HEJRATI S M M,SADEGHI M A,et al. Every
Picture Tells a Story: Generating Sentences from Images[]]. lec-
ture notes in computer science,2010,21(10) :15-29.

DAVID V.,SANCHEZ A. Advanced support vector machines
and kernel methods[ J]. Neurocomputing,2003,55(1/2) :5-20.
CHEN P H,LIN C J,SCHOLKOPF B. A tutorial on v-support
vector machines[ J]. Applied Stochastic Models in Business and
Industry,2005,21(2) :111-136.

EVERINGHAM M,GOOL L V,WILLIAMS C K I,et al. The
Pascal Visual Object Classes (VOC) challenge[ J]. International
Journal of Computer Vision,2010,88(2) :303-338.

LI S M,KULKARNI G,BERG T L,et al. Composing simple
image descriptions using web-scale N-grams[ C] // 15th Confe-
rence on Computational Natural Language Learning ( CoNLL
2011). Portland, OR, United states: Association for Computa-
tional Linguistics (ACL),2011:220-228.

KULKARNI G,PREMRA] V,ORDONEZ V,et al. Baby talk:
Understanding and generating simple image descriptions [ ] ].
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence,2013,35(12):2891-2903.

QI Y.SZUMMER M, MINKA T P. Bayesian conditional ran-
dom fields[ C]//10th International Workshop on Artificial Intel-

ligence and Statistics ( AISTATS 2005). Hastings, Christ



158

Com puter Science

HEHLENE Vol. 47,No. 12, Dec. 2020

[45]

[46]

[47]

[48]

[49]

[51]

[52]

[53]

[54]

[56]

Church, Barbados: The Society for Artificial Intelligence and
Statistics,2005:269-276.

SUTTON C.MCCALLUM A.ROHANIMANESH K. Dynamic
conditional random fields: Factorized probabilistic models for la-
beling and segmenting sequence data[ ] ]. Journal of Machine
Learning Research,2007,8(2):693-723.

MITCHELL M, HAN X F,DODGE J,et al. Midge: Generating
image descriptions from computer vision detections[ C] // 13th
Conference of the European Chapter of the Association for Com-
putational Linguistics(EACL 2012). Avignon, France: Associa-
tion for Computational Linguistics (ACL),2012.747-756.

NOR W,MOHAMED H W,SALLEH M N M,et al. A compar-
ative study of Reduced Error Pruning method in decision tree al-
gorithms[ C] // 2012 IEEE International Conference on Control
System, Computing and Engineering (ICCSCE 2012). Penang,
Malaysia: IEEE Computer Society,2012:392-397.

ORDONEZ V.KULKARNI G,BERG T L. Im2Text: Describing
images using 1 million captioned photographs[ C]//25th Annual
Conference on Neural Information Processing Systems 2011
(NIPS 2011). Granada, Spain: Curran Associates Inc. ,2011.
SOCHER R,KARPATHY A,LE Q V,et al. Grounded Compo-
sitional Semantics for Finding and Describing Images with Sen-
tences[ J ]. Transactions of the Association for Computational
Linguistics,2014,2(Q14-1017) :207-218.
KUZNETSOVA P,ORDONEZ V,BERG T L,et al Tree
Talk : Composition and Compression of Trees for Image Descrip-
tions[ J ]. Transactions of the Association for Computational
Linguistics,2014,2(Q14-1017) :351-362.

MASON R,CHARNIAK R. Nonparametric method for data-
driven image captioning[ C]//52nd Annual Meeting of the Asso-
ciation for Computational Linguistics (ACL 2014). Baltimore,
MD, United states: Association for Computational Linguistics
(ACL),2014:592-598.

SUN C,GAN C,NEVATIA R. Automatic concept discovery
from parallel text and visual corporal C]// 15th IEEE Interna-
tional Conference on Computer Vision(ICCV 2015). Santiago,
Chile: Institute of Electrical and Electronics Engineers Inc. ,
2015:2596-2604.

CHO K,MERRIENBOER B V,GULCEHRE C,et al. Learning
Phrase Representations using RNN Encoder-Decoder for Statis-
tical Machine Translation[ J]. arXiv:1406. 1078.

LI M D,MU K,ZHONG P,et al. Generating steganographic ima-
ge description by dynamic synonym substitution[ ] ]. Signal Pro-
cessing,2019,164:193-201.

KIROS R,SALAKHUTDINOV R,ZEMEL R. Multimodal neu-
ral language models[ C]// 31st International Conference on Ma-
chine Learning (ICML 2014). Beijing, China: International Ma-
chine Learning Society (IMLS),2014:2012-2025.

MAO J H,XU W,YANG Y,et al. Deep captioning with multi-
modal recurrent neural networks (m-RNN)[C]// 3rd Interna-
tional Conference on Learning Representations (ICLR 2015).

San Diego,CA, United States,2015.

[57]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

HERMANS M, SCHRAUWEN B. Memory in linear recurrent
neural networks in continuous time[ J]. Neural Networks,2010,
23(3):341-355.

GREFF K,SRIVASTAVA R K,KOUTNIK J,et al. LSTM: A
Search Space Odyssey[ J]. IEEE Transactions on Neural Net-
works and Learning Systems,2017,28(10) :2222-2232.
CHINEA A. Understanding the principles of recursive neural
networks: A generative approach to tackle model complexity
[C]//19th International Conference on Artificial Neural Net-
works(ICANN 2009). Limassol, Cyprus: Springer Verlag,2009:
952-963.

SHEN Y K, TAN S, SORDONI A, et al. Ordered neurons: In-
tegrating tree structures into recurrent neural networks[ CJ //
7th International Conference on Learning Representations(ICLR
2019). New Orleans, LA, United States,2019.

JIA X, GAVVES E, FERNANDO B, et al. Guiding the long-
short term memory model for image caption generation[ C] //
15th IEEE International Conference on Computer Vision(ICCV
2015). Santiago, Chile: Institute of Electrical and Electronics
Engineers Inc. ,2015:2407-2415.

MAO ] H,HUANG J, TOSHEV A,et al. Generation and com-
prehension of unambiguous object descriptions[ C] // 29th IEEE
Conference on Computer Vision and Pattern Recognition(CVPR
2016). Las Vegas, NV, United States: IEEE Computer Society,
2016:11-20.

BAHDANAU D,CHO K,BENGIO Y. Neural machine transla-
tion by jointly learning to align and translate[ C]// 3rd Interna-
tional Conference on Learning Representations (ICLR 2015).
San Diego,CA, United States,2015.

XIAO T J,XU Y C.YANG K Y.et al. The application of two-
level attention models in deep convolutional neural network for
fine-grained image classification[ C]// IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). Boston, MA,
United States:IEEE Computer Society,2015:842-850.
STOLLENGA M F,MASCI J,GOMEZ F,et al. Deep networks
with internal selective attention through feedback connections
[C1// 28th Annual Conference on Neural Information Proces-
sing Systems 2014 (NIPS 2014). Montreal, QC, Canada, 2014 ;
3545-3553.

CHU X,YANG W,OUYANG W,et al. Multi-context attention
for human pose estimation[ C]//30th IEEE Conference on Com-
puter Vision and Pattern Recognition(CVPR 2017). Honolulu,
HI, United States: Institute of Electrical and Electronics Engi-
neers Inc. ,2017:5669-5678.

ZHAO B, WU X,FENG J S,et al. Diversified Visual Attention
Networks for Fine-Grained Object Classification [ ] ]. IEEE
Transactions on Multimedia,2017,19(6) :1245-1256.

DENG Z P,SUN H,ZHOU S L,et al. Toward Fast and Accu-
rate Vehicle Detection in Aerial Images Using Coupled Region-
Based Convolutional Neural Networks[]J]. IEEE Journal of Se-
lected Topics in Applied Earth Observations and Remote Sen-

sing,2017,10(8) :3652-3664.



B

159

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

ZHOU Y E,WANG M, LIU D Q,et al. More Grounded Image
Captioning by Distilling Image-Text Matching Model[ J]. arXiv:
2004, 00390.

LEE K H,CHEN X,HUA G,et al. Stacked Cross Attention for
Image-Text Matching[ C]// 15th European Conference on Com-
puter Vision(ECCV 2018). Munich, Germany: Springer Verlag,
2018:212-228.

RENNIE S J,MARCHERET E.MROUEH Y,et al. Self-critical
sequence training for image captioning[ C]// 30th IEEE Confe-
rence on Computer Vision and Pattern Recognition ( CVPR
2017). Honolulu, HI, United States: Institute of Electrical and
Electronics Engineers Inc. ,2017:1179-1195.

ZHAO Z S,GAO H X,SUN Q,et al. Latest Development of the
Theory Framework, Derivative Model and Application of Genera-
tive Adversarial Nets [J]. Journal of Chinese Mini-Micro Com-
puter Systems,2018,39(12) :44-48,

ZHAO Z S,SUN Q, YANG H R, et al. Compression Artifacts
Reduction by Improved Generative Adversarial Networks
[J/OL]. Journal on Image and Video Processing,2019,https: //
doi. org/10. 1186/s13640-019-0465-0.

DAI B,SANJA F,RAQUEL U,et al. Towards Diverse and Na-
tural Image Descriptions via a Conditional GAN[C] // 16th
IEEE International Conference on Computer Vision ( ICCV
2017). Venice, Italy: Institute of Electrical and Electronics Engi-
neers Inc. ,2017:2989-2998.

CHEN F H,JI R R,SUN X S, et al. GroupCap: Group-Based
Image Captioning with Structured Relevance and Diversity Cons-
traints[ C] // 31st Meeting of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR 2018). Salt
Lake City, UT, United States: IEEE Computer Society, 2018
1345-1353.

DOGNIN P, MELNYK I, MROUEH Y, et al. Adversarial se-
mantic alignment for improved image captions[ C]//32nd IEEE/
CVF Conference on Computer Vision and Pattern Recognition
(CVPR 2019). Long Beach,CA, United States: IEEE Computer
Society,2019:10455-10463.

FENG Y,MA L,LIU W,et al. Unsupervised image captioning
[C]// 32nd IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR 2019). Long Beach, CA, United
States: IEEE Computer Society,2019:4120-4129.

GUO L T,LIU J,YAO P,et al. MSCAP: Multi-style image cap-
tioning with unpaired stylized text[ C]//32nd IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition ( CVPR
2019). Long Beach,CA, United States:IEEE Computer Society,
2019:4199-4208.

ZHAO W T,WU X X,ZHANG X X.MemCap:Memorizing
Style Knowledge for Image Captioning[ C]// The Thirty-Fourth
AAATI Conference on Artificial Intelligence CAAAI 2020). New
York,NY,USA,2020:12984-12992.

SHETTY R,ROHRBACH M,HENDRICKS L. A,et al. Spea-
king the Same Language: Matching Machine to Human Captions

by Adversarial Training[ C] // 16th IEEE International Confe-

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

rence on Computer Vision(ICCV 2017). Venice, Italy: Institute
of Electrical and Electronics Engineers Inc. ,2017:4155-4164.,
TESAURO G. Temporal difference learning and TD-gammon
[J]. Communications of the ACM,1995,38(3) :58-68.
RANZATO M A,CHOPRA S, AULI M, et al. Sequence Level
Training with Recurrent Neural Networks[J]. arXiv: 1511.
06732.

LIM S H.XU H, MANNOR S. Reinforcement learning in ro-
bust markov decision processes[J]. Mathematics of Operations
Research,2016,41(4) :1325-1353.

LIU SQ.ZHU Z H,YE N,et al. Improved Image Captioning via
Policy Gradient optimization of SPIDEr[C]//16th IEEE Inter-
national Conference on Computer Vision(ICCV 2017). Venice,
Ttaly: Institute of Electrical and Electronics Engineers Inc. ,
2017.873-881.

VEDANTAM R,ZITNICK C L,PARIKH D. CIDEr:Consen-
sus-based image description evaluation[ C] // IEEE Conference
on Computer Vision and Pattern Recognition (CVPR 2015).

Boston, MA, United States: IEEE Computer Society,2015:4566-

ANDERSON P, FERNANDO B, JOHNSON M, et al. SPICE:
Semantic Propositional Image Caption Evaluation[ J]. Adaptive
Behavior,2016,11(4) :382-398.

GAO ] L, WANG S Q, WANG S S, et al. Self-critical n-step
training for image captioning[ C]//32nd IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR 2019).
Long Beach,CA, United States: IEEE Computer Society,2019:
6293-6301.

CHEN J,JIN Q. Better Captioning with Sequence-Level Explo-
ration[J]. arXiv:2003. 03749.

JOHNSON J,KARPATHY A,LI F F. DenseCap: Fully convo-
lutional localization networks for dense captioning [ C] // 29th
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR 2016). Las Vegas, NV, United States: IEEE Computer
Society,2016:4565-4574,

YANG L J,TANG K.,YANG ] C,et al. Dense captioning with
joint inference and visual context[ C]//30th IEEE Conference on
Computer Vision and Pattern Recognition(CVPR 2017). Hono-
lulu, HI, United States: Institute of Electrical and Electronics
Engineers Inc. ,2017:1978-1987.

KIM D J,CHOI J,OH T H,et al. Dense relational captioning:
Triple-stream networks for relationship-based captioning[ C] //
32nd IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR 2019). Long Beach, CA, United States:
IEEE Computer Society,2019:6264-6273.

YIN G J,SHENG L,LIU B,et al. Context and attribute ground-
ed dense captioning[ C]//32nd IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR 2019). Long
Beach,CA, United States: IEEE Computer Society,2019:6234-
6243.

PAPINENI K, ROUKOS S, WARD T, et al. BLEU: a Method

for Automatic Evaluation of Machine Translation[ C] // Procee-



160

Computer Science THEMEL2  Vol. 47,No. 12, Dec. 2020

dings of the 40th Annual Meeting of the Association for Compu-
tational Linguistics. Istanbul, Turkey: Association for Computa-
tional Linguistics,2002.:311-318.

[94] BANERJEE S,LAVIE A. METEOR: An Automatic Metric for
MT Evaluation with Improved Correlation with Human Judg-
ments[ C] // Proceedings of the ACL Workshop on Intrinsic and
Extrinsic Evaluation Measures for Machine Translation and/or
Summarization. Ann Arbor, Michigan: ACL,2005:65-72.

[95] LIN C Y. Automatic Evaluation of Summaries Using n-gram Co-
occurrence Statistics[ C] // Proceedings of the 2003 Conference
of the North American Chapter of the Association for Computa-
tional Linguistics on Human Language Technology. United
States: Association for Computational Linguistics,2003:71-78.

[96] LEEY Y.KE H.YEN T Y.et al. Combining and learning word
embedding with WordNet for semantic relatedness and similarity
measurement[ ] ]. Journal of the Association for Information
Science and Technology,2020,71(6) :657-670.

[97] ROBERTSON 8. Understanding inverse document frequency:on
theoretical arguments for IDF[]J]. Journal of Documentation,
2004,60(5) :503-520.

[98] MOHRI M, ROARK B. Probabilistic context-free grammar in-
duction based on structural zeros[ CJ// 2006 Human Language
Technology Conference-North American Chapter of the Associ-
ation for Computational Linguistics Annual Meeting ( HLT-
NAACL 2006). New York, NY, United states: Association for
Computational Linguistics (ACL),2006:312-319.

[99] LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft COCO:
Common objects in context[ C]//13th European Conference on
Computer Vision (ECCV 2014). Zurich, Switzerland: Springer
Verlag,2014:740-755.

[100JHODOSH M, YOUNG P, HOCKENMAIER ]. Framing image
description as a ranking task:Data, models and evaluation met-
ries[ ] . Journal of Artificial Intelligence Research,2013,47(1):
853-899.

[101JPLUMMER B A.WANG L W.CERVANTES C M.et al.

Flickr30k entities: Collecting region-to-phrase correspondences
for richer image-to-sentence models[ C] // 15th IEEE Interna-
tional Conference on Computer Vision(ICCV 2015). Santiago,
Chile: Institute of Electrical and Electronics Engineers Inc. ,
2015:2641-2649.

[102JKRISHNA R,ZHU Y K,GROTH O,et al. Visual Genome:
Connecting Language and Vision Using Crowdsourced Dense
Image Annotations[ J]. International Journal of Computer Vi-
sion,2017,123(1) :32-73.

[103]JTRAN K,HE X D,ZHANG L,et al. Rich Image Captioning in
the Wild[C] // 29th IEEE Conference on Computer Vision and
Pattern Recognition Workshops, CVPRW. Las Vegas, NV,
United States:IEEE Computer Society,2016:434-441.

[104]JGRUBINGER M, CLOUGH P,MULLER H,et al. The IAPR
TC12 Benchmark: A New Evaluation Resource for Visual Infor-
mation Systems[ ] ]. Workshop Ontoimage,2006,5(10) :13-55.

[105]BYCHKOVSKY V,PARIS S,CHAN E,et al. Learning photo-
graphic global tonal adjustment with a database of input/output
image pairs[ C] // 2011 TEEE Conference on Computer Vision
and Pattern Recognition, CVPR 2011. IEEE Computer Society,
2011.97-104.

MIAO Yi, born in 1996, postgraduate.
His main research interests include ima-

ge processing and analysis.

ZHAO Zeng-shun, born in 1975, Ph.D,
associate professor, Ph. D supervisor.

His main research interests include

computer vision, intelligent robots and

machine learning.




