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Image Captioning with Data Augmentation Using Cropping and Mask Based on Attention Image

Kiyohiko INAMURA, Jun Younes LOUHI KASAHARA, Alessandro MORO, Atsushi YAMASHITA and Hajime ASAMA

Automatic image captioning has various important applications such as the depiction of contents for the visually im-

paired. Most approaches use Deep Learning and have achieved remarkable results. However there are still some unresolved

issues. One of them is the overfitting of the trained model to specific images, usually caused by limited training dataset

sizes. In order to augment the training dataset size in such scenarios, previous researches proposed data augmentation

using random cropping or mask. However, those do not specifically target overfitted regions in images and, therefore, may

remove areas in images that are needed to generate captions and lower performance. In this study, we propose a novel data

augmentation method that targets specifically regions in images subject to overfitting by using attention. Experimental
results show that the proposed method allows generation of better image captions.
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Fig. 1 Concept of the proposed method. When the model generates a caption,
high value areas of the attention image (K-means Ia¢¢) are recognized
as areas that are prone to overfitting, such as license plates. Therefore,
data augmentation is performed in order to increase the number of data
samples with variations in those high attention value areas
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Fig. 2 Outline of the proposed method for performing data augmentation with
mask and cropping
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Fig. 3 Separation of high and low attention image areas using K-means cluster-
ing
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Fig. 4 Outline of attention image processing
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Fig. 5 Simplified schematic of attention image
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Table 1 MSCOCO’ 14 dataset

MSCOCO’14

Number of images

Training data | Validation data | Test data
113,000 5,000 5,000
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Fig. 7 Image used in experiment 1 and captions generated by each method.
Previous method ®): A woman sitting on a motorcycle next to a green
building.

Previous method >): A woman sitting on a motorcycle in front of a build-
ing.
Proposed method: A woman in a red dress sitting on a motorcycle.
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(a) Image with numberplate.
Previous method ®): A man riding a bike through the woods.
Previous method ®): A man riding a motorcycle down a dirt road.
Proposed method: A man riding a motorcycle through a forest.

(b) Image without numberplate.
Previous method ®): A man riding a skateboard through the woods.
Previous method >): A man riding a horse through a forest.
Proposed method: A man riding a dirt bike through a forest.

Fig. 8 Image used in experiment 1 and captions generated by each method

(a) Previous method 6) 3)

attention image (I ) related to
keyword [skateboard]

(b) Previous method
attention image (I ) related to
keyword [horse]

(c) Proposed method
attention image (I, ) related to
keyword [bike]
Fig. 9 Attention image (Ix) for [X] 8 (b)
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Table 2 Experimental results

Method BLEU-1 | BLEU-2 | BLEU-3 | BLEU-4 | METEOR | ROUGE-L | CIDEr
Previ thod &)
_ Frevious method 72.6 557 414 30.5 25.63 53.56 99.64
(without data augmentation)
Previous method %) 727 55.8 415 30.6 25.47 53.58 100.04
Previous method 3 73.0 56.3 42.0 31.2 25.92 54.02 102.24
Previous method %) 73.1 56.1 41.7 30.8 25.43 53.57 99.41
Proposed method 73.6 57.0 42.8 31.8 26.09 54.37 103.73
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Epoch
------ Training error —Validation error

(a) Previous method 6. Learning curve

Epoch
~Training error —Validation error

(b) Proposed method: Learning curve

Fig. 10 Learning curve in experiment 2
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