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Automatic Affective Image Captioning System using Emotion Estimation
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Abstract : Image captioning has been actively studied these days, however, most of the systems output captions of factual expression.
In this paper, an automatic affective image captioning system using emotion estimation is proposed. The proposed system consists of
four parts: a base caption generation part composed by the conventional CNN (VGG16), a scene estimation part, an emotion estimation
part, and a figurative expression generation part. When a human exists in an image, the emotion is estimated from his/her facial
expression and simile is used. When a human does not exist in an image, personification of metaphor is used. Evaluation experiments
have been carried out using three kinds of evaluation indexes; BLUE, METEOR, and CIDEr. The experimental results indicate the
effectiveness of the proposed system to generate affective captions.
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T/, BABHEEDRY ICX > THE NIRRTV 5
L Hotz FHIOECERBIOMET 1T o 724G F, Wik
ROBE R, HREEROMEVIEIBEHRZICKE GREL
TV Zebhosz. BlZIE, BWEOMERIZ “fearfully”,
SRENZE S TV LT, “sadly” 7% & O HFEA N
STz,

4. ¥ G

FOCTUL, IR 2 A L 72 B 2 YR O R SO H
BAER Y AT ARREL REDATATE, &I
CNN & LSTM % W72 E 7V TR FEH & & F v — 2
OGS % T B RIS IS AT A L,
AL % WIHE T2 ) ORREHEE LTS . WGHHIZAD



RUBHEEZF A U RS BIRERA BEEM S AT

FAET B a3 O NDFEED S EIEHEE 217\, 71
L2WIGEE, BN R & %2 BUREIE 2 O KT %17
9. Ok, BHETIZADPEAET 2561, EREH Z R
T 5. EEAICADPHFIEL ZWGEE, BiRoBNAMEER z
AT 5.

2 OFMFER E AT - 72, £ 92 mMEHHFER T,
R 7% B & & CRAFTTIE & 0 IEAE 2 W RS SO A s
THET o H I EATREN. T/, BUEWRER2EI 2V
E 7OV & AAE R IEAE 2 BH{EFI SO LA RETH 5 2 &
boREN RICEBFFMER TR, BEIAT AL
THEDOEMIRLLDIEL S 2 %) 2 i, IO
IR DFHSUE AT RE T dH 5 & L AVRIE S L7z,
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