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B Motivation

- Pirates and illegal fishery do not transmit the AIS signal, and they may camouflage AIS information in some
cases

— The maritime security would like to classify/find ships without using AIS
B Objective

- Constructing a system that classifies the position, length, and type of ships from SAR images for early detection
of suspicious ships

B Overview of the system
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B Motivation

- The evidence of volatiles (such as water) was discovered from the LCROSS mission by NASA

We need to create a safe exploration map for the rover, but human is a hard task/high cost to classify
craters/boulders.

B Objective

- Constructing a system that classifies existence, center position, and diameter of various size/form (1px~)
obstacles (craters/boulders) from an optical image.

. Obstacles detection subsystem
B Overview of the system I rining phase

Detected craters Classification phase to space domain
excessively for safety

- Obstacles detection subsystem (ODS)
classifies the existence, center position,
and diameter of each obstacle even if
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the annatation data

Data cleansing

- Generating annotated data subsystem
(GAD) inspects the classified results
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B Motivation

- Space debris is a non-functioning artifact in earth orbit, and the number of these artifacts is increasing rapidly
depending on space development progresses

— JAXA must attempt to remove space debris by causing re-entry or moving it into a disposal orbit.
B Objective

- Constructing a system that estimates the 6-DoF pose for axisymmetric objects from the optical camera with
high accuracy considering uncertainty for the mission.

B Overview of the system

14 parameters

512 px

g
Overlay estimation Relation position:
X,Yy, Z[m]
Direction unit vector:
Ny, Ny, Ny
Rotation around travel:
6,[deg]
Uncertainty:
x", y*z%, ny,ny,ny, 0}

u® = w®z@ 4 p®
z®) = Fu®)

U@ = W@y 4 p@

Optical data

(simulation) Our system (Deep Learning with Bayesian) Output
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B Motivation

- It is necessary to explain whether the image processing model is confident or not in the task where the accuracy
of image classification is low due to noisy image, low resolution, or low training data.

— It is required to explain whether the output is confident or not with "Convincing" Explanation.
B Objective

- Constructing a system that explains the certainty and rationale for ship classification of SAR image.
B Overview of the system (under study)

Ship class: "Tanked"
Because: XXX is YYY

. B =w®;2 3
u =Wz + b
SAR 1mage 20 = Fu®)
u® =w@yx +p®@

Our system (Deep Learning)
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B Conventional methods

Input Grad-CAM

“Tanker”

Grad-CAM

“Cargo”

Original Image Grad-CAM Cat’ Grad-CAM Dog’

ProtoPNet
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Part attention

Original image

..

¥

Part attention from

Training dataset

Grad-cam: Visual explanations from deep networks via gradient-based localization,R. R. Selvaraju, M. Cogswell,et al. InICCV, pages 618-626, 2017.
ProtoPNet: This Looks Like That: Deep Learning for Interpretable Image Recognition, C.Chen, et al., 2019.
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Training dataset

g j Explore to Realize

Applied to SAR image

The explanation is insufficient
if people do not understand what
the area of interest is pointing to.

It cannot be divided into
explainable parts if the amount
of information in the image is
not large enough.

What is a convincing explanation
for an unfamiliar image unlike
camera image?



