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[ Abstract] Image caption generation technology is used in many fields such as news communication, smart transportation, smart
home and smart medical. Therefore, this technology has important academic and practical value. Image—to—text generation is a
comprehensive problem involving areas such as natural language processing and computer vision. This paper introduces the research
background of image caption generation technology and the research status at home and abroad, and summarizes the current image

datasets that researchers evaluate to generate quality of the image caption. The existing models are classified and summarized in
detail ; template—based image caption generation method, retrieval-based image caption generation method and deep—learning—based

image caption generation method. It also summarizes the problems and challenges which the field is facing.
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Tab. 1 Summary of multiple datasets

Images  Texts  Judgments  Object

PascallK ( Rashtchian et al.,

1 000 5 No Partial
2010)
VLT2K( Elliott & Keller,2013) 2424 3 Partial Partial
Flick8K ( hodosh & Hockenmaier,

8 108 5 Yes No
2013)
Flick30K( Young et al. ,2014) 31783 5 No No
Abstract Scenes( Zitnick & parikh,

10 000 6 No Complete
2013)
TAPR - TCI12 ( Grubinger et al. ,

20000 1-~5 No Segmented
2006)
MSCOCO( Lin et al. ,2014) 164 062 5 Soon Partial
BBCNews ( Feng & Lapata,2008 ) 3361 1 No No
SBUIM Captions ( Ordonez et al. ,

1000 000 1 Possibly No
2011)
Deja — Image Captions ( Chen et
4000 000 Varies No No

al. ,2015)
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1. A man is skateboard over a structure on the seaside.
2. A skateboarder jumps through the air on the seaside.
3. A skateboarder wearing blackpans doing a trick on the seaside.

4. Someone in black pants is on a ramp on the seaside.

5. The man is performing a trick on a skateboard high in the air.

(a) Flickr30K

1. A blue smart car parked in a parking lot.
2. Some vehicles on a very wet wide city street.
3. Serveral cars and a motorcycle are on a snow convered street.
4. Many vehicles drive down an icy street.
5. A small smart car driving in the city.
(b)MScoCO
1 Flickr30K 1 MSCOCO ##&E & 2441
Fig. 1 Examples of Flickr30K and MSCOCO datasets
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