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Image description generation method based on multi-spatial mixed attention

LIN Xianzao®, LIU Jun, TIAN Sheng, XU Xiaokang, JIANG Tao

(Fundamental Science on Communication Information Transmission and Fusion Technology Laboratory ,

Hangzhou Dianzi University, Hangzhou Zhejiang 310018, China)

Abstract: Concerning the vacancy of automatic information generation in offshore ship monitoring system, and aiming to
build an intelligent ship monitoring system, an image description generation method based on multi-spatial mixed attention
was proposed to describe the offshore ship images. The image description generation task is designed to let the computer
describe the content of the image with words satisfying linguistics. Firstly, the multi-spatial mixed attention model was
trained by the encoding features of the region of interest on the image, then the pretrained decoding model was fine-tuned by
reconstructing the loss function with gradient policy, and the final model was obtained. Experimental results on MSCOCO
(MicroSoft Common Objects in COntext) image description dataset show that the proposed model is better than the previous
attention model on the evaluation index of image description generation, such as CIDEr score. The main content of ship
image can be automatically described by the model on the self-constructed ship description dataset, demonstrating that the
method can provide the data support for automatic information generation.

Key words: image description; deep learning; attention mechanism; information generation; multi-spatial mixed

attention

0 Bl=® ek A1 o T DR D00 B8P 1 g R A A 1 o 2 WA 1 5 2 L
B 25 3T M6 AT AT 25 R 0 2 R TR | SU TG M IX 7 B A 5N RIS B PG A . Hh T R A A U G
T TR AR AR R R Y i S, R OSSR A R AR T
AR A IR, WRBOY RS IR BMUIRSERIRTR o i 53cmie 45 o (500 92 e AR R34 S 25 6 A B
A9 A AU Z AN L B A S I 7 B R AN 14 D KALIE S Fo3k %S B DL R BRSE A o
BN TE SUE BAE B S8 . 1945 TIRBE 2 S 7ETH L TR TETE SRR 22 [0 106 B A SR BN
PLSE AT B, T VI T LA S O R g T k2 A A 0 AT 2 A 13 B 4
SCAHIR , [R)ARE AT LIS A 1A ) i Stk 2 0 7 ) 7 5 k47 TE T XU TAERUEE
filiid o TREEA ARSI AE A 1 SR 75 A A N T3 RE U
(S PN INE S A= L R EW NI (B N (BB LB, AT R0 TR B2 Ao 228 00 45 B[] IRk Sy 400 0 5 780 R 3 75 468

s B 8B :2019-09-16; &8 H #:2019-10-28 ; % A H#7:2019-10-30,,

EETH : BEARBAIL R BIH (61673146) ; [E 5K [ ARFF2 5E 4 H RAUZ L 01 (61427808 ) 5 Wi VLA4 & s WF & 1155 H (2019€05005) -

PEZ B ARG (1994—) 5 Wi N N B0 504, R BWRST 7 1] - [ ARE AL SR AL Ak 2T s R (1971—) 35, Bt
BN 2082 T, B2y ) RSO R RS Bl [FRALG;  HME(1994—)  F  ZRURB A BH0F o AR, R : B
FRAGIN B bRERES s TR/NEE(1996—) , 53, AR M B0 5T A, SR BERFIT 0y 1) - VR BE 22 ) L ERRAGIN s 2295 (1995—) , 93 T M, AT+
WFoEAE , FEWEFE T ] HARK I A5 B RlE .



986 AL A

% 40 %

RV ST P A7 B e 2 LA B D e AR R AE 2 Y R kL ]
G TR Az AT 55t AT LA 3 ik 1 PR A 25 R < X TS5 9 25 R S
HEAT SR A0 TR 5 R IZ AR AT R A o A5 AR 2 1 2%
(Convolutional Neural Network, CNN) ' 3414 i~ H brks:
T AN B 04 32908 7 vk, T A BB A 25 I 2% (Recurrent Neural
Network, RNN)TE B 2K1E 5 AL FRABN A & R, i 1A
BLES B WG Ry AR A A BRI T B e 4.

1 XTI

FATE MR R A 7 T ) TAE 2 P TERE TR R Y
Dy AR TR Y 5 i o 3k )y B Al G R R E
DA (R IR SO0 B M TR S B 1 T 454 58 T
R, PR R0 AR v sk R Ok 7 AR Y R A R AR AR R
FEPE b A S W R SRS . BRINAS V5 22 56 TG PRl 22 ) 2%
PR B 2 ST ARSI L 28 732 O T R I AR A 1l T X e ]
R ] W7 R ZHCR N G i /R A HESE . XA HE SR A9 I
PR S8 3 TN LR 1) 4 R 28 P 28004 P 1 B 1 B A% R AIE
PR N 2R B RFAIE L 9K J5 256 B 00 5 B il ik SO P A Ay i S
A FIE A 28 W 25 R FE AR 1) F . X Vinyals 555
RSN 1 R RLE 52 B B Al Z LA B TR A K
o LD FH BT I 2, 5 4 2 AL g T R 1 DX S A2 PR A ik
A P AN 2] IR A R R0 25 45 3 (4 R ALE |, R AR A T i
2R T K 4 I C 12 (Long Short-Term Memory, LSTM) Hi
JCo LSTM A4 RNN BYZERf, il T I 142 BT BT, REASAR
PR 35 RN TE KR ] 3 91 8 0efs B i, PTG i 2 A A
TR Z2 0 e T LSTM mlHC AR Foft SR fife o ) A 1ok 28 Fr 91 54
)L, e 52 B RIE S DU 23 S0 A 20 0 A A o AT B R,
KA Z RTEMTERE IHLHIE) Z B T2AE 55 o Xu 557 ]
A 7S G B BT UG AR IEVE i A 78 22 [ 1 fili
TERE DAL B AT e AR I T PR R 7=, 230 R
MR S R o Y B VR R N 4R A 1 A AL MRS
[ AR 14 RV E R T o XA [T R ) BRI AT R N R E £
G, T 25 1 3 5 AL A U] T A IERATE . You 55 4 1T
B LA T TR SCRHE SR B i A i P ik
Chen %51 28 3 XA 1] A 49 A S8 T8 P T3 8800 W
FEf ) = HE23 (7]

PRG3R A BT 1 A A T o Bt — B 58 S pR Bt A 7
Yk AESE M B BV F R AN T 3 SRR 7 1T 48
kg, & 40 BLEU (Bilingual Evaluation Understudy) ™, ROUGE
(Recall-Oriented Understudy for Gisting Evaluation) """’ | CIDEr
(Consensus-based Image Description Evaluation) "% | [A I, fifi
JHZE SN R AETC 1 AR LA TN A L 1T KBS G 2k
IS B B AT 1 5 A, B S TS B B U0, JevE XS
W RBIATAR AR T, KB B BHG ik
A o i i E VI R A A A R B 25 G MR R L 14K
H T 5 2 1 R, BT LA RSy 20 ) xR A TR R
X PP G I AE exposure bias, Rennie %51 4 HIA SRk 2% )
SR T LR 4D 52 SUIRTBL 2 bR BT TR DL AL B Y R , 125K
A RAFE I 25 i ol SR A 4 5 25 5 Dl 00 S Ay s B, O B
AR (AT R AR B H R

PG4 3 A o 32 4 T PG ik A 1R SR AN WK,
o G S (9 Flicker 8K. Flicker 30K | i #£ MSCOCO
(MicroSoft Common Objects in COntext) caption $#24t -+ JLJ7 5k
VLR ARIX IO ) S 4 3R, A5 % B 22 T 245 FR I 57 3 T A

BB S . S T R R AR I A S A
SR AR AR e B X R AR 2 SRS A U R S e A T A
2 KXH#*

ASCHR 2T 223 MNR A T B T 0 R iR ikl
FETTUUN 250 0 e 00 ) 26 £ BB U 80 DX 3 ) R AT St %, 7 e i
R B2 AR Ft i 22 25 (6] 1 00 FA B s 5, 51 Ass ik )
B SR S A6 B X O Ak B AR R AT A 98, DA A 45 U1 2 A 3K B B
BTG — , EARE XTI R AR AT D0k . R RHE SR ] 1
Jis XA LR o B A 3T R i T e BRI 2k
Hp TGk [ B FE AR A FEURR 28 I 46 R LSTM, RS AN S0 B SR B
IEFRE R F k3 F AR R R BT X DB IS . A
SCBE i B A 3 B A A5 BR 43 T 2, 245 B = 5 115 Ry
TEZ )G CEZ R IV A AR AR [ i A . AN 1 s o T 1%
B G B IR X BURHAIE , B8 1 B AHE 28 v (A5 PR 4 Tt 25 36
FHOR EARRI P 25, ELAACR T B ISR X SR fiE 4R O 58
J2&: A ResNet-101"Jy 2 B 1 B Faster-RCNN'™S! Oy 178 2%
R X IR AIE RE A RAE R b B9 AR DG TR 1, 7R 2k R A b s
TR A R o N ZRBAR AR AT 0 2 A B A
K BIFRZE MY Visual Genome FUHEHE . T 2R 1 HARE FUZS
F A 2 iR

TR TR i 2%

%*ﬂiﬁiﬁ%%ﬁi "
— LR X
Hiw| &0
i1 | i | SBAEAE
%

ZEMEEN
P EFERLSTM

B Sk B RESE

Fig. 1 Overall framework of the proposed algorithm

Layer name parameters
convl TxTx64, stride 2,
pooll 3 x3 max pool, stride 2

conv2.x

(totally 3 layers) 1x1x64, 3x3x64, 1x1x256

conv3.x 1x1x128, 3x3x128, 1x1x512
(totally 4 layers)
conv4.x
(totally 23 layers) 1x1x256, 3x3%x256, 1x1x1024
convs.x
(totally 23 layers) 1x1x512, 3x3x512, 1x1x2048
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Fig. 2 Convolution network structure
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Fig. 3 Multi-spatial attention
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Fig. 4 Optimization process of reinforcement learning
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Fig. 5 Automatic generation of ship image descriptions
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Tab. 1 Hyperparameter setting
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Tab. 2 Comparison of algorithms with different attention mechanisms
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AR 0.373 0.579 1.225
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Tab. 3 Effect of adding different modules
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