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Study on Image Recognition in Tank / Hold of Ship

Masaru Hirakata Ma Chong Tomoyuki Taniguchi

National Institute of Maritime, Port and Aviation Technology

This document describes whether image recognition using Deep Learning can be practical for images taken by unmanned 
aerial vehicle (drone). There is a movement to try to utilize a drone for inspection inside tank / hold of the ship. Accessibility 
to the inspection site becomes easy, while on the other hand, a technique to support condition evaluation on the screen is also 
required to judge through the video taken with the drone. In this research, we examined to verify the recognition rate of 
structural members in tank / hold in a bright environment. In addition to recognizing in a bright environment, we also 
examined to verify the recognition rate in a virtual dark environment.  

1.
/

GPS

(Faster R-CNN)

2.
1
2

 
1

2

3

 
2

 
3

3.

3.1 Faster R-CNN
R-CNN

[Ross Girshick 2014] R-CNN Selective Search[J.R. 

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

3Pin1-38



- 2 -

R. Uijlings 2013] AlexNet
VGGNet Selective Search

Selective Search
CNN

CNN
[ 2017] 

Fast R-CNN Fast R-CNN
Selective Search Region Proposal Network

Faster R-CNN
Faster R-CNN [

2017] Faster R-CNN

3.2

4
5 1 100

5

550 250
89

Cross Deck Hatch End Beam

Hatch Coaming Hold Frame

 
4

 
5

3.3
6

1
6 100

100%

 
6 (1)

1 (1)

Top side tank sloping plating 100%
Hold frame 100%

Bilge hopper plating 100%
Transverse bulkhead 100%

Lower stool 100%
Access ladder 99.9%

Inner bottom plating 99.9%
Deck girder 99.9%

Hatch side coaming 99.9%
Hatch end coaming 99.4%

Cross deck 99.4%
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Transverse bulkhead 100%
Lower stool 100%

Inner bottom plating 99.7%
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Top side tank sloping plating 98.3%

Transverse bulkhead
95.3%

Access ladder
Inner bottom plating 97%

Deck girder 50%
Cross deck 50%
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Case1 Case2

Top side tank 
sloping plating

100% 53 50%

Hold frame 100% 99.8% 98.7
Bilge hopper plating 100% 99.4% 86.8
Transverse bulkhead 100% 100% 99.8

Lower stool 100% 98.9% 90
Access ladder 99.9% 99.3% 50%

Inner bottom plating 99.9% 57.9% 50%
Deck girder 99.9% 50% 50%

Hatch side coaming 99.9% 50% 50%
Hatch end coaming 99.4% 50% 50%

Cross deck 99.4% 52.4 50%
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Top side tank sloping plating Case1
Transverse bulkhead
Transverse Bulkhead
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Case1 Case2

Top side tank 
sloping plating

95.3% 86.2

Transverse bulkhead 100% 99.6 50%
Lower stool 100% 90.2 50%

Inner bottom plating 99.7% 50% 50%
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