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A study of Deep Learning based environment recognition by applying
Omni-directional images for a Mobile Robot
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Yosuke Takebayashi

RE#E

IR AT HR

EBORSER AP LA TR o X 7 WL T s e iR AR

This paper describes a study of Deep Learning based environment recognition by applying

Omni-directional images. In order to apply Omni-directional images to deep neural network, we decompose

image which may be suitable for detecting moving direction. The validity of proposed approach is confirmed by

applying actual outdoor omnidirectional images.
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Fig.1 Mobile robot
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Fig.3 Omni-directional image
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Fig.4 Division of image
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Fig.5 Convolution Neural Network
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Fig.5 Experiment course

8. FHT—X

EO N a—AZETSE, BEEREL, BT
NENICHHE LT-#fiT — % & FECikE 3 5. #EiT
— &1L, EgEABE Ry FORITICAXHE DT
Fiae L. B L7z 8 FOmEGON 3 MIIfkw,
BE#oARy SAERBY ZATWSYD, HHRLARWE
Ll Lz 7, BEMNEBORY:-EEDTNDHOD
B IEF AR e b o Y, FRICHEI Wb DX
[ZAY



turn back turn right

o) straiiht turn left

turn right turnright turnleft turnleft

Fig.6 Training data
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Fig.9 Transition of learning result

Table.1 Transition of learning result

Single result Lap1 Lap1-2 Lap1-3 Lapl1-4 Lapl-5

Miss[sheet] 52 43 39 37 28
Accuracy[%](/500) 89.6 91.4 92.2 92.6 94.4
Omni-directional result|Lap1 Lap1-2 Lap1-3 Lapl1-4 Lapl-5

Miss[sheet] 4 4 4 3 3
Accuracy[%](/100) 96 96 96 97 97
Single result Lap1-6 Lapl-7 Lap1-8 Lap1-9 Lapi-10
Miss[sheet] 14 14 18 13 10
Accuracy[%](/500) 97.2 97.2 96.4 974  98.0

Omni-directional result{Lap1-6 Lap1-7 Lap1-8 Lap1-9 Lap1-10]
Miss[sheet] 1 0 1 1 0
Accuracy[%](/100) 99 100 99 99 100
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Fig.10 Offset course

Table.2 Result of offset curse

Offset course  Expected course
Accuracy[%] 93 100
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Fig.11 Unlearnt obstacle




Table.3 Result of course with unlearnt obstacle

Distance[m] 10 9 8 7 6 5

turnright turnright gostraight turnright turnright turnright
turnright turnright turnright turnright turnright turnright

Experiment 1
Experiment 2
Expected result

Distance 4 3 2 1 0
Experiment 1 turnright turnright turnright turnright turnright
Experiment 2 turnright turnright turnright turnright turnright
Expected result gostraight gostraight gostraight gostraight gostraight
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