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[ Abstract] Existing image captioning methods only use zegional visual features to generate description statements
and ignore the importance of grid visual features. Moreover, as these methods are two-stage approaches, image
captioning quality is affected. To address this issgie, ‘thissstudy proposes an end-to-end image captioning method
based on the visual feature fusion of Transformet. First, in the feature extraction stage, the visual feature
extractor is used to extract regional and grid visual features. Second, in the feature fusion stage, the regional and
grid visual features are concatenated using a wisual feature fusion module. Finally, the visual features are sent to
the language generator to realize image captioning. All components of the method are implemented based on the
Transformer model, which is a oné*stage method. The experimental results on the MS-COCO dataset show that
the proposed method can fully®utilize the respective advantages of regional and grid visual features, with the
BLEU-1, BLEU-4, METEOR,, ROUGE-L, CIDEr, and SPICE metrics reaching 83. 1%, 41. 5%, 30. 2%,
60.1%., 140.3%, and 23. 9% respectively, indicating that the proposed method is superior to mainstream image
captioning methods and cangenerate more accurate and rich description statements.
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Table 1 Comparison,of performance between the model in this paper and other mainstream models %
i Bl B4 M R C S
Adaptive®! 74. 2 33.2 26. 6 — 108.5 —
scsTiH — 34.2 26.7 55.7 114.0 —
Up-Down™!*] 79.8 36.3 27.7 56. 9 120. 1 21. 4
VRCDAP! 80. 6 37.9 28. 4 58. 2 123.7 21.8
GCN-LSTME 80. 9 38.3 28.6 58.5 128.7 22.1
AoANet™ 80. 2 38.9 29. 2 58.8 129. 8 22.4
M? Transformer ] 80. 8 39.1 29.2 58.6 131. 2 22.6
GETEY 81.5 39.5 29.3 58.9 131.6 22.8
X-Transformert'”] 80. 9 39.7 29.5 59. 1 132.8 23.4
DRTM®] 81.7 40. 4 29.5 59.3 133. 2 23.3
RSTNet!*] 81.1 39.3 29. 4 58.8 133.3 23.0
DLCT™! 81. 4 39.8 29. 4 59. 1 133.8 23.0
DIFNet!? 81.7 40.0 29.7 59. 4 136. 2 23.2
AR SRR 83.1 41.5 30.2 60. 1 140.3 23.9
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Table 2 Comparison of performance between the model in this paper and other mainstream models on online test sets %

o Bl B4 M R C

5 c40 5 c40 5 40 5 40 5 40
Adaptivel™] 74. 8 92.0 33.6 63.7 26. 4 35.9 55.0 70.5 104. 2 105.9
scsThH 78.1 93.7 35.2 64.5 27.0 35.5 56. 3 70.7 4. 7 116.7
Up-Down"* 80. 2 95. 2 36.9 68.5 27.6 36.7 57.1 72.4 117.9 120.5
VRCDAPY 80. 4 94. 8 37.8 69. 2 28.3 37.3 58. 2 73.3 123.2 125.6
GCN-LSTME 80. 8 95.2 38.7 69.7 28.5 37.6 58.5 73.4 125.3 126.5
AoANet™ 81.0 95.0 39.4 71.2 29. 1 38.5 58.9 . 5 126. 9 129. 6
M? Transformer-® 81.6 96.0 39.7 72. 8 29,4 39.0 59,2 74.8 129.3 132.1
GET™ 81.6 96. 1 39.7 72.9 29. 4 38.8 59. 1 74,4 130. 3 132.5
X-Transformert" 81.3 95. 4 39.9 71.8 29.5 39.0 593 74,9 129.3 131. 4
DRTM® 82.7 96.5 40.9 73.6 29.6 39.0 59.8 75.0 132.2 133.9
RSTNetH 81.7 96. 2 39.7 72.5 29.3 38,7 59.2 74,2 130.1 132.4
DLCTH 82.0 96. 2 40. 2 73.2 29.5 39,1 59. 4 74. 8 131. 0 133. 4
DIFNet?" 82.1 96. 4 40.0 73.1 29. 6 39. 1 59.5 74.6 131.9 134.0
AR AY 82.8 96.9 40. 8 74.3 30.0 39.6 59.8 75.0 135. 4 137.9
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Fig.7 Comparison results of parameter quantity, computational complexity, and inference time
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Table 3 Comparison of ablation experiment results %
Y DXL LR o A R B AT Bl B4 M R C S
N X 82.5 41.3 30.1 59. 8 139.7 23.6
AT X N 81.3 40. 6 29.3 58.9 138.3 23.2
N N 83.1 41.5 30.2 60. 1 140.3 23.9
x4 EABENLFITEHERILE
Table 4 Comparison of effects before and after using reinforcement learning %
i Cross-Entropy Loss CIDEr Optimization Bl B4 M R C S
) N X 79.2 38.5 28.7 58.3 12452 21.9
AR SRR
N N 83.1 41.5 30.2 60. 1 140.3 23.9
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ARICHETY : A teddy bear sitting on @ couch reading a book.
BEE N AR /4] T

A teddy. bear fis positioned to read a text book.

A teddy bear sits in a chair with an open book.

Teddy beéar comically reading text book on kitchen table.
Teddybear in a chair with a book opened up in front of it.

A brown teddy bear sitting in front of an open book.

o w M

A SCAEAY; An old red truck parked in front of a house.

B N TARER AT

An old red truck sits in a driveway.

Old worn red truck parked in a driveway near a cactus.

The old truck is parked in the driveway of a house.

An old red pickup truck parked in a driveway next to a cactus.

A red truck in the drive way of a home.

Lo

5

ZR AL A man riding a wave on a surfboard in the ocean.
RS N TARE AT

A man on a surfboard riding the wave.

A man on a surfboard riding a large wave.

The surfer is riding a wave in the ocean.

A surfer wearing red shirt surfing on a wave.

. A young man surfing an eight foot wave.

O W

A AL Two young boys playing baseball on a field.
Blade b N THR R AT

A picture of a kid picking up a ball.

A boy reaches for the ball during a baseball game.

Two boys playing baseball run to catch the ball.

Two young boys run towards a baseball during a baseball game.

The boys are playing baseball in the field.

8 AXRBEGRIRS A TIRELERIILL

Fig.8 Comparison between the image description of the model in this paper and the results of manual annotation
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