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Abstract

With the rapid development of machine learning, the technique of Image Captioning is be-
coming more and more advanced. Recent researches of Image Captioning introduce Region
Proposal Networks (RPN) and Attention Mechanism. Through RPN, we can extract features of
specific object region in the image and reduce the probability of noises being treated as visual
features. Attention mechanism makes the models to focus more on the mapping of object and
caption. However, the current research results have deficiencies. Both RPN and Attention
Mechanism only focus on the single object region instead of fine-grained visual features.
Aforementioned deficiencies cause mistakes that caption generator generates uncertain rela-
tionships. In this paper, to improve exquisiteness of relationship descriptions for Image Cap-
tioning, we propose the Image Captioning model which generates sentence with multi-scale
regions of interest (ROIs) between two different objects. Our proposed architecture includes
Region Proposal Networks, Fully Convolutional Neural Networks and Long Short-term
Memory cells. Compared to the existing research results, we extract not only object regions
but multi-scale ROIs between two different objects on visual features. Some of Multi-scale
ROIs are noises that can be screened by utilizing Intersection-over-Union (IoU). Each ROI
utilizes FCNN to extract the visual features, followed by obtaining sorted fusion features with
fusion mechanism and sorting network, and lastly learning transformation between this features
to a whole sentence by LSTM. Caption generator can focus on learning how to generate fine-
grained attributes with hierarchical attribute supervisions on the training stage. The architecture
proposed in this study can use more precise verbs to describe object actions on dynamic pic-

tures. Furthermore, our architecture outperforms on metrics based n-gram.
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