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Image captioning algorithm based on multi-feature extraction
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Abstract: In image caption methods, image feature information is not completely extracted and the vanishing gradient is
generated by the Recurrent Neural Network (RNN). In order to solve the problems, a new image captioning algorithm based
on multi-feature extraction was proposed. The constructed model was consisted of three parts: Convolutional Neural Network
(CNN) was used for image feature extraction, ATTribute extraction model (ATT) was used for image attribute extraction,
and Bidirectional Long Short-Term Memory (Bi-LSTM) network was used for word prediction. In the constructed model,
image representation was enhanced by extracting image attribute information, so as to accurately describe the things in the
image, and Bi-LSTM was used to capture bidirectional semantic dependency, so that the long-term visual language
interaction learning was carried out. Firstly, CNN and ATT were used to extract the global image features and image attribute
features respectively. Then, the two kinds of feature information were input into Bi-LSTM to generate sentences that were
able to reflect the image content. Finally, the effectiveness of the proposed method was validated on Microsoft COCO
Caption, Flickr8k, and Flickr30k datasets. Experimental results show that, compared with the multimodal Recurrent Neural
Network (m-RNN) method, the proposed algorithm has improved the description performance by 6.8-11.6 percentage
points. The proposed algorithm can effectively improve the semantic description performance of the constructed model for
images.

Key words: image captioning; image attribute; Bidirectional Long Short-Term Memory (Bi-LSTM) network;
Convolutional Neural Network (CNN); Recurrent Neural Network (RNN)
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Fig. 1 Overall structure of proposed model
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Fig. 2 Structure of image attribute extraction
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Tab. 1 Anchor box parameters

LRZ SERHE L SeRHER I SeIHE RS
Conv2_x 3 [1/2,1,2] 56 X 56
Conv3_x 5 [1/3,1/2,1,2,3] 28 x 28
Convd_x 5 [1/3,1/2,1,2,3] 14 x 14
Conv5_x 5 [1/3,1/2,1,2,3] 7%x7
Conv7_x 5 [1/3,1/2,1,2,3] 4x4
Conv8_x 5 [1/3,1/2,1,2,3] 2x%2
Conv9_x 5 [1/3,1/2,1,2,3] 1x1
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N R, Bk ERER A 3 AR e i . B 5l
SRR B ARV, V, B T Bi-LSTM R 4% (1 4
AEFEEA . FF5 (start) & — M) T I3k, (end ) S 4] Y
S . ARSCH T OBUZ G SR 25 N 2% Bi-LSTM , Bt 5 ot 54
512, B FEDR 0. 000 5. kg 2T s # 0 0. 001, %
B batch size 4 64 BliE A 0. 9 RN ZRA SCHIR AL,
2.2 ¥iE&E

A S Y B 2 M Flickr8k | Flickr30k 11 MSCOCO %
P4E . Flicke8k B4 HH A7 6 000 3K Z5 K% .1 000 5K 4]
511 000 K IEIFFIMZ . Flickr30k 04544155 31 000 5K F1%
Rl ALK H: 29 000 i R H F U125, 1000 5K B4 H T,
1000 5K IR T30 0E . W0 B5008 4 v 1) B A~ IELGORT By A
AT AR A . MSCOCO i 4417 82 738 5k I Tl k1Y
E% , 40 504 5k JH F 56 UE 19 B4R, 54 R A S A H AMT
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SEFEATICES W AR SR 5 Y AT 0 RS SR O vk
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(Bilingual Evaluation Understudy) . METEOR ., ROUGE-L i
CIDEr(Consensus-based Image Description Evaluation) , HikN
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1) BLEU S2&:— 0 5E K5 80 152 9 AHARLPE B2 2 L8 R O
6%, T Ui 8 126 SO 225 3 30 n oo dl 2L R 1 3 1
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2)METEOR J2 55 T 50K B (14 AR AT~ 25 BORT 552 173 [
2, HH 1R —28 BLUE B3RP 5P , 5 BLUE AR HE, 3L
2 LN T R 485 SR T e A AL D

3)ROUGE-L & TR K AP ERE L. Z%1F
S5 RPN E SR 8 B R A R v ) A Y ) R R

4) CIDEr j& & H F BRI SCHE A 19 BE 1 b5, 0 1) TF-
IDF (Term Frequency-Inverse Document Frequency) AR
JCAH AR SR A St BT SR AR Y — S0

72 2 AR ZE MSCOCO (Microsoft COCO) $t#% 4E |
HI4E R . PR H5 4R A BLEU, METEOR , ROUGE-L il CIDEr,
Horp  #E8 Bi-LSTM+ATT+CNN,, P & Bi-LSTM+CNN, 7 BLEU-
1. BLEU-2, BLEU-3, BLEU-4 3§ 45 & 43 51l ik 2] T 74. 5% .
59.3% .45. 5% .36.3% F1 74. 0%.57. 2% . 44. 5% .33. 6%, H

HI 3% 230 AT LU Y AR SORERY P RE 35 00 T A DT i, b
FH T 6T LG 5 3 i e T 19 7 5, 43 591 R - NIC (Neural Image
)@ LRCN (Long-term Recurrent Convolutional
Network)™' | Deep-Vis (Deep Visual-semantic)?” | m-RNN
(multimodal Recurrent Neural Network)™ | g-LSTM"?' | Hard-
Attention " | Soft-Attention'™ | HMA (Hierarchical Multimodal
Attention-based)'™’ | VLM (Visual attention based on Long-short
term Memory)™ | GLA™ il PSG (Part of Speech Guidance)"®
T IEA T AN R B R AR SR U 207, NIC F g-LSTM i
GoogleNet K15 EZAFAE ; LRCN F1| F AlexNet Sf¢ 41 B E 5 45
fiF s Deep-Vis .m-RNN Hard-Attention Soft-Attention F|F VGG 16
BAFEUGFHE . AN [ 1 5 B U 22 190 288 SR BURFAE B BE 1 2 A —
FEE, AL T BRSO T R 0H SR R SEIRai Rk,
A B — A SUE B ARIE AR RUAR LL , PN A Y RS
SRETEAT S UF (Y F R BOR 3o U 28 1 2% 1)l s 2 AR [
1 : NIC . g-LSTM , Hard-Attention FI Soft-Attention {ii Jf} LSTM [
AT i R A PR (R R A 34 5 m-RNN A HTEEAS 9 RNN
o gt fith i s LRCN (i FH — A~ HE 2 1 1 S22 LSTVUH P {54 6l
A AR s FEAR ST ] T Bi-LSTM 4 21 [ 42 3
ik

ANTF)BERIAE Flickr8k Al Flickr30k 0 4 1 1945 5 % 3
JiT7R o TF)RE M, 7 Flicke8k A1 Flicke30k B4 4 L, A SCA A
W3R T BLEU Al METEOR F5 R Y e HEVERE .

Caption

&R2  Microsoft COCO Hi#EEE FRERE LU 25 R Xt bk Br:%
Tab. 2 Experimental result comparison of different models on Microsoft COCO dataset unit: %
PR MSCOCO : :
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr
NIC — — — 27.70 23.70 — 85.50
LRCN 62.79 44.19 30. 41 21.00 — — —
Deep-Vis 62. 50 45.00 32.10 23.00 19.50 — 66. 00
m-RNN 67.00 49.00 35.00 25.00 — — —
2-LSTM 67.00 49.10 35.80 26. 40 22.70 — 81.30
Hard-Attention 70.70 49.20 34.40 24.30 23.90 — —
Soft-Attention 71.80 50. 40 35.70 25.00 23.00 — —
HMA 71.00 51.30 37.20 27.10 23.30 — —
VLM 72.30 52.20 37.10 25.20 — — —
GloLocAttEmb 72.50 55. 60 41.70 31.20 24.90 53.30 96. 40
PSG 72. 80 56. 00 42.00 31.30 24.90 — 94.20
Bi-LSTM+ CNN, 74. 00 57.20 44.50 33.60 26. 30 53.90 96. 20
Bi-LSTM+ATT+CNN, 74. 50 59. 30 45. 50 36. 30 28.70 55. 80 99.70
&3 Flicki8k Flickr30k H#E 58 £ R EEE K0 45 Rt bk Br:%
Tab. 3 Experimental result comparison of different models on Flickr8k, Flickr30k datasets unit: %
R Flickr8k Flickr30k
BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEU-1 BLEU-2 BLEU-3 BLEU-4
NIC 63.0 41.0 27.2 — 66. 6 42.3 27.7 18.3
LRCN — = = == 58.8 39.1 25.1 16.5
m-RNN 56.5 38.6 25.6 17.0 60. 0 41.0 28.0 19.0
Hard-Attention 67.0 45.7 31.4 21.3 66.9 43.9 29.6 19.9
Soft-Attention 67.0 44.8 29.9 19.5 66.7 43.4 28.8 19.1
Bi-LSTM+CNN 66.9 46.6 33.7 27.3 68. 1 45.2 34.9 25.3
Bi-LSTM+ATT+CNN, 68. 1 48.6 35.9 28.0 69.7 47.8 36.2 27.4

FH 2 2~ 3 45 AT A1, AR SCHY B B FE Microsoft COCO
B3 4 F Flickr8k | Flickr30k #7384 I 2 20y, W 4%

Bi-LSTM W 4% 5 ATT #1454 1T LA$E & EG0E SCR R P RE , £
FHFIE S5 BRE ST #h b $2 A0 /) F R RE 1, A o
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e 1.
2.4 HIRFRISEL

Pl 6 Sy AR FE I 1] LSTM A1 1] LSTM Az i i SCHA .
M6 ] L& B 0 — 26 X« 1) £E R BR A - IS
o, — R ER SR O — AT — e AT R K AR Y
WTESNEEZ 3 . 2) A YT B) 5 hR TR 1R A AR e 1 AR B
FE a0 7€ KA R I A 5 BR 1 T A ©A passenger
train that is pulling into a station. ” ALl J& ] $ifi i 15 #5718 41
“A train is in a tunnel by a station. "ABl, HHIL AT PIFE H, A SC
RS AR ELAT 50tk ) LB T 5 DRI 27 ) 8 0 R AE U B 14
REST o

P 7 A A MR AER R b A R ) 70 BRI =R RS
ANTR], AR AT LA Ao 45 28 A i PRTAR  DIAR SO ELTE 5 i
AT LU B SR, AT AR ZS 23500 B A iz
SRS EEMEGER I . 5 m-RNN B A 514 4] FA0 HL, A SC
Y AR B 2 B A “Two cooks cooking with pans in a restaurant
kitchen. "] LLVEGH MR 151 7 o AR SPE . IbAh  TE Y
D W G b, 2 SC R AL AL B E A b TR Y doughnuts” il
“seagull”, M AL H 2 Hi 8 Bl “baked goods” Fl“bird” , 4%
FEUH AR SCARAE IR T DL SE R U o AR P i A, 3T g
BEUER B MR P IR Z [ 9 5E 2R A A G B 1
BHIY A SRR TR R A

A baseball player in ge'tjt“;;egb:elallg;i)(l)e;it
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