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◆What is the KBO search team 
The extended missions were started in 2016. After the Arrokoth flyby,  
the KBO search team has focused on the  two objectives: 

(1) find another KBO for flyby 

(2) observe as many KBOs as possible from the spacecraft. 

◆What is NASA's New Horizons (NH) 

◼NH is a flyby mission to study the Pluto system and KBOs. 

◼NH has now observed almost 40 KBOs and dwarf planets.

Team Objectives

Solar phase angle

KBOs

From Earth we can only observe KBOs at solar phase angles of 0 to 2 degrees, but from 

a spacecraft in the Kuiper belt we can observe KBOs at much larger solar phase angles.

KEM1 2016-2019 KEM2 2022-2029

The NH has observed the surface 

layers of outer solar system bodies 

in detail for the first time. Great 

success!
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Data Set
◆Major Config of observation

◼~ 100 images are taken per night (~200GB raw data)

◼An exposure time of 90 seconds per image.

◼ r2 or special wide filter.

Total data 

size of raw 

images is 

about 6.4 TB

The analysis 

screen of 

observation.
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Data analysis method

Method 1

LSST pipeline＋GPU + machine learning

Principle:

• Assume the typical velocity range of KBOs and find objects 

moving at that velocity.

• Since KBOs are faint, the images are superposed to amplify 

the signal.

Fraser et al. (2024)Canada & US team

10 Publications of the Astronomical Society of Japan, (2018), Vol. 00, No. 0

Taking many images

Dark and flat correction

Position correction

Mask pattern correction

Sky level adjustment

Hot pixel removal

Self-flat correction

Search for object candidates

Binarized image creation

Superposing images

Peak value calculation

Low value event removal

Max value event selection

Shape value calculation

Visual inspection of events

Coordinate conversion

1
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on FPGA

on FPGA

9

10

11

on the HSC pipeline

at the Subaru Telescope

Fig. 1. Flowchart of the object detection procedures . The starting box is “Taking many images” at the top left. The numbers in blue denote the task number

described in the main text.
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Fig. 2. Schematic illustration of how we binarize a 2 × 2 pixel set in the tasks 6 and 7. Note that this illustration is just about one light source (i.e. one moving

object candidate) on a single image. Panel a shows the pixel values of the nine pixels around the light source and their positions in the three-dimensional

space, (x , y , z) . (x , y ) are the coordinates of the pixels on the image, and z contains their pixel values. Panel b shows the top view of the panel a with the

numbers on each pixel from 1 to 9. W e calculate the sum values of each of the 2 × 2 pixel sets (shown in the dotted lines; 4 sets in total). Panel c shows the

2 × 2 pixel set whose sum of the pixel values are the largest, and we set their pixel values to 1. W e set the value of all other pixels ( 3 , 6, 7, 8, 9) to 0.

Method 2

HSC pipeline + JAXA moving object 

detection system

新アルゴリズムの開発

新アルゴリズムをFPGAに実装しさらなる高速化を図る。

Nallatech社製FPGAボード H101-PCIXM

解析時間をさらに20分の1にできる。
合計で1200分の１に短縮。

280時間 → 14分

Min

FPGANew algorithmOriginal stacking

method

iDAQs社製FPGAボードシステム

解析時間の変化 9

FPGA

Yoshida et al. (2024)Japan team
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◆Summary of the procedures performed in the JAXA system

Independent Data analysis by JAXA's system.

既存の検出法との違い

本手法により３５０個以上の小惑星を発見している。

重ね合わせ法で検出され
た小惑星の例。撮影画像
（左）、検出画像（右）

重ね合わせ法

ブリンク法

比較

An object 

candidate 

detected in each 

of the images.

8 superposed images

4 superposed images

16 superposed images

32 superposed images

Crop and superpose 

portions of the 

image at an 

assumed speed.

Faint objects can be seen by superposeing images.

If the candidate is 

real object, we can 

see a light source 

in the center of

each image.

JAXA moving 

object detection 

system

Please refer our paper 

for details.

Yoshida et al. 

2024 PASJ

32 superposed 

image
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https://ui.adsabs.harvard.edu/link_gateway/2024PASJ..tmp...50Y/doi:10.1093/pasj/psae043
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News Release

Japanese Japanese Japanese・English Japanese

Japanese Japanese・EnglishJapaneseJapanese

Subaru Telescope

Subaru TelescopeNAOJ

Chiba Institute of Technology PERC ISAS

Chiba Institute of 
Technology 

PERC
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Machine Learning Methods
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◆Classification by a 32 superposed image

⚫ The highest accuracy achieved was 92%.
⚫ The main cause was images, which were difficult to 

classify even for the human eye.

Introduction：Research topic and objective
◆Classification by multi superposed images

⚫ For human classification, images with 4, 8, 16, 32 
superposed were used

Realization of a highly accurate detection method 
by a machine learning using multiple superposed images as input

Image for visual inspection for real KBOs
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Easy!!
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Methodology：Model Architecture 
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◆Backbone-CNN
◼ Simple CNN

⚫ 2 or 4 layers

⚫ 6 different types of channel

◼Complex CNN
⚫ Based on ResNet[1]

⚫ 5 different types of layers : 

 18, 34, 50, 101, 152 layers

Methodology：Concept of Models
◆CBAM

◼ It learns which channels and which positions are important 
with attention, improving performance.
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Methodology：How to create Multi Input Data 

32-superposed image 
16-superposed image
8-superposed image
4-superposed image

:
:
:
:

1
4
8
8

Original

4 superposed

16

8

32

One of the teaching data Input Data

id2

Shape:21×21×5

id3

Shape:21×21×13

id2

32 16

4 images

16

id3

16

4 images

16 8

8 images

832

Selection of superposed images for input

Four 16-superposed images

One 32-superposed images

Data Shape

21×21×5

21×21 : Image Size
5         : Channel Size

Input data is created by 
concatenating the images 
along the channel direction.

12



SubaruUM-2025 | Masato SHIBUKAWA(SOKENDAI) | A CNN-based AI for Object Detection in KBO search Images collected by Subaru telescope

Experiment：Experimental Setup of Simple CNN

Name

Id No1 No2 No3 No4 No5 No6

channel set 32-64 64-128 32-32-64-64 64-64-128-128 32-64-128-256 64-128-256-512

Layer 2 2 4 4 4 4

Parameters 47.0K 130K 93.2K 315K 500K 1.77M

(1ch input data) (K : kilo) (K : kilo) (K : kilo) (K : kilo) (K : kilo) (M : million)

Epoch

Batch size

Learning ratio

Change raito

Change step

Optimizer

Loss function

momentum

weight decay

0.01

SGD：Stochastic Gradient Descent

BCE：Binary Closs Entropy

0.9

0.0001

5, 10, 15, 20, 25

Item

30

32

0.1

*To reduce loss, the learning rate was decreased by a factor of 10 (change ratio) at specified epochs(change step) 
  as the training progressed.

*

*

*

Table1
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Experiment：Experimental Setup of Complex CNN

Name

Id res18 res34 res50 res101 res152

Base Model ResNet 18 ResNet 34 ResNet 50 ResNet 101 ResNet 152

Layer 18 34 50 101 152

Parameters 3.18M 11.4M 13.2M 24.9M 34.6M

(1ch input data) (M : million) (M : million) (M : million) (M : million) (M : million)

Epoch

Batch size

Learning ratio

Change raito

Change step

Optimizer

Loss function

momentum

weight decay

SGD：Stochastic Gradient Descent

BCE：Binary Closs Entropy

0.9

0.0001

5, 10, 15, 20, 25

Item

30

32

0.01

0.1

*To reduce the loss, the learning rate was decreased by a factor of 10 (change ratio) at specified epochs(change step) 
  as the training progressed.

*

*

*

Table2
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◆Concept
◼The model was trained and its classification performance evaluated using a dataset from a single 

day's observations.

◆Objective
◼To verify the absolute performance of the model on the training data.

Exp 1 : Train & Test by one supervised dataset 

1966sets
An output image of the JAXA’s system

All superposed images

Training Data 

1415sets

Valid Data

157sets

Test Data

394sets

The split data

1. Augmentation
We use rotating and flipping to
augment the images by 6 times.

2. Scaling
To improve learning efficiency, 
we scaled the images by
standardization

Data Processing

Training Data 

8490sets

Valid Data

942sets

Test Data

2364sets

Data post-processing
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◆Concept
◼ The model's performance was evaluated using a dataset from another day's observations.

◆Objective
◼ To evaluate the performance on untrained observation data from different days.

Exp 2 : Test by another supervised dataset 

3020sets
An output image of the JAXA’s system

All superposed images

1. Augmentation
We use rotating and flipping to
augment the images by 6 times.

2. Scaling
To improve learning efficiency, 
we scaled the images by
standardization

Data Processing

Test Data

3020sets

Data post-processing

Models are pretrained
with the teacher dataset

All data used as test 
data.
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◆Performance

Result of Exp1, 2

◆Histogram of Test observation dataset

Metrics Teacher 
Dataset

Test 
Dataset

diff

Accuracy 96.82 96.26 -0.56

Recall 97.25 96.07 -1.18

Precision 98.52 99.65 +1.13

Inv Precision 91.81 77.85 -13.06

F1-Score 97.88 97.83 -0.05

Im
a
g
e
s

Output

0.5

False Object 
Image

Object Image

Accuracy Precision Inv Precision

High

Low

17

Error : 0.35%
=1 - precisionError : 23.15%

=1 - inv precision
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Result of Exp 3 : Human cost reduction rate
◆Performance ◆Histogram of Test observation dataset

Metrics Before adj
Th0.5

After adj
Th0.02, 0.33

Accuracy 96.26 96.72

Recall 99.65 99.46

Precision 96.07 99.65(+3.68)

Inv Precision 77.85 96.23(+18.4)

F1-Score 97.83 99.56

Im
a
g
e
s

0.330.02

Human work
area

AI work area

Output

AI work area
Error : 0.4%Error : 3.8%

2.52%

18

◆Human cost reduction rate

◼ 97.38% reduction possible!

◼ Error

⚫Object Images           : 0.35%≒10 images

⚫False Object Images : 3.77%≒15 images
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◆We are conducting observations using Subaru to support the search for the 
second flyby object of New Horizons.

◆JAXA's Moving Object Detection System enables the detection of faint moving 
objects through its unique superposition method.

◆To improve the efficiency of object detection in superposed images, we 
developed a model that takes multiple images as input.

◆Through threshold adjustments, the model achieved a 97.38% reduction in 
human tasks.

Conclusion 19
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