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Background We are searching for by stacking images acquired with HSC.
Aim Developed a novel object detection model :
Method The model combines a Convolutional Neural Network with a :
Result Achieved an in classification performance and a in human inspection workload.

1. Introduction 4. Results

Conducted Subaru Telescope observations to search for flyby objects and Kuiper

Table4.1 Model and Training configuration

. . . . . Name CNN1 | CNN2 CNN3 CNN4 CNN5H CNN6 ResNet18 | ResNet34 | ResNet50 | ResNet101 | ResNet152
Belt ObJ ects fOI’ the New Horizons Kulper Extended Mission (KEM) Channel set 32-32-64-64 | 64-64-128-128 | 32-64-128-256 | 64-128-256-512
. . . . . . . Laver ' ' ; ) ) . 18 3 ! ' 5
® Numerous faint distant object candidates were detected in the acquired image data. — = 1 : : : — = > = = 22
Difficult Easy to classify! Batch size 32
. . 32 stacke Learning ratio 0.01
® Human inspection used to separate real N Chanze ratio —
. : Change step 5, 10, 15, 20, 25
Ol:)J eCtS from n01se: . . . Optimizer SGD (Stochastic Gradient Descent)
o Slngle_frame ClaSSIﬁcathIl ShOWCd hmlted Loss function BCE (Binary Cross Entropy)
. e Momentum 0.9
rehablhty. Weight decay 0.0001
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2. Data Processing
HiL* = ;401- %4, C*. (D*)1,=0444(9

HiL+F6 ¥ *C,D0#-4*/ , (4+F6 1 *C, D04
AUC (Area Under the Curve)

CNN1 /.(+F6 1 | +F61  #37.4
NO P . . .
2 14 T < 1 threshold-independent metric evaluating

fihe classifier’s overall ability to distinguish
yetween classes.
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CNN5 -

Table2.1 Observation Datasets Configuration Taking many images 7 | Binarized image creation |s g CNNG6 - 0
Parameter Dataset 1 Dataset 2 ‘ at the Subaru Telescope L| on FPGA \IK:]I'O_Uf’ 41? dC:iD(*$t' 23300 —_— : R t18 _‘ + F 6 ! *45 24* ) *:#O ) l
-1 g on the HSC pipeline on 11mages per ovservation. n A '

Start time — - - i 7 s P Resnet34 SRLRTEI | @ 32 3C) 1 v o O CO ($*% (*6 ? +
of the first 10:55:39.175 10:31:55.756 2 Position To"ectlon Peak value calculation : 32,16 5 O N 2
exposure . 32,16, 8 . > f? % =K %
Start time i ' : WO*."'$,C.30*5""C. (*$.434*" 44 (9*6"A 5 @ 32.1684 6 : +M @ABB - —5/00_OD
of the last 14:55:24.839 14:50:04.288 3 [Slylevel adiustment Max value event selection o/ : $ 32,4 [o
CXposure ' N /| Generate input data from an output

RA2000(°) 288.662 288714 4 | Mask pattern correction ‘ Low value e\|/ent removal ‘ fthe J AX:APi - P O : G :

DEC2000 () 20.049 20.380 ! i o1 the system—i 0.92 0.94 ] 0.96 0.93 1 '0 0
Field id F2 F2 | qeﬁ F;n correction Lo \_____J_,S_hape value calculation | / ) ) ’ ' '
Filter r2 2 = ,ll I ; v AUC -
Exp time (s) 90 90 : _ . . .
Number of images 118 128 REAANIT <o e | it i pripentatose l——| = wangy | Classily the input data has object H / / L I O 17 1C O* E*> *+ C / /
(Sky) high clouds, (Sky) clear, | ‘m ! .| or noise.—(3. Machine Learning
(Seeing) 0”7 —1"1 (Seeing) 0."7-1".2 " : : :
Night condition (Temp) 6.9 — 7.6°C (Temp) 3.6 — 5.9°C, inate conversion Search [for obJTect candidates Coort Model)
(Wind) 1.9 - 7.7m s~ (Wind) 2.5 — 15.4m s~ _ ' . e o
(Humidity) 2.2%-24.4% (Humidity) 17.5% — 28.5% Fig2.1 Process of the JAXA system CNN1 32:-16:-8-4 Baseline 32only 324 CO N Iblnln g 3 2 4
® Used two-night observation data obtained in 2020 at the Subaru Telescope with HSC[ Yoshida+ CNN2 - : improved classification

(2024), Fraser+ (2024)].

® Applied image stacking with the JAXA Moving Object Detection System (see the poster P7 by performance.

— resulted in performance
L () *'$*D.$.*=10. 8%, (*) 1,=044 CANG .
) Table2.2 Machine Learning Datasets Configuration B s i G J o e i de gradatl()n.
1 : An output by the JAXA system 2 : Separated Images 3 : An Input data Feature Dataset 1 Dataset 2 NESHAICLLC ‘ N . .
' (b) 4 stacked images Red. id 03093 0?072 e These Irc Sl;lltS lndlcate
' Primary Use Training Evaluating . .
Total Stacked Images 966 (11,796 3,015
* Imtagestwith Objefts ll ,476((18,856)) 2,64113 that the Comb 1nat10n Of
Images without Objects 490 (2,940) 372

. Input images must be
carcfully optimized.

8 im; es
— g

(e) 32 stacked images

Numbers in parentheses represent data after sixfold augmenta-
tion (e.g., 1,966 raw images became 11,796 after stacking).

Shape : 21X21 X9 Sixfold data augmentatiop
21 ><21 Image 51ze) by 90, 180, and 270 rotations, and
2 EV- vertical and horizontal flips.

Fig. 2.2 Process of creatmg input images from the JAXA systemoutputs S
® C(reated input data by stacking multiple superposing images. ALtz
® Applied rotation and flip augmentation to generate ~14,000 samples.

e tasK reg o Set a threshold on the model output to
minimize human task rate while keeping
Al error as low as possible.

3. Machine Learning Model

CNN-CBAM layer ers

Input
data
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Results of Other Standard Metrics

Pool

Conv Data Combination et ) ¢ = ¢ 4
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Fig. 3.1 Architecture of the proposed image classification model z it o oa ¢ - & a + ©
. o o 4 2;;6-8-4 [} @ A Q% CNN4 - A @ &b QA
€  Constructed a model combining a Convolutional Neural Network o SR R B : T R
(CNN) and a Convolutional Block Attention Module (CBAM). o le PO AR PR AR N S I U A
. . . resnet18 1 A @ o il resnet18 1 A @ O resnet18 1 BE® A
€  Applied various backbone CNNs to explore architectures that best ] o | enln - . S . A
eq o . . resnets0 1 ‘ | A o O '|' resnets0 1 ‘. | A | l | .t P | | | _ A
utilize CBAM performance in Simple CNN and ResNet. T e T T i T esion
AUC Gap (Test - Train)
N1 - @ B QA cNN1 - @orm | , o7 ]
Simple CNN CBAM[Woo+(2018)] - SRR I e | U
Convolutional Block Attention Module ) N ‘u e . ..“: ) _ g
= Input — ’ Refined cnns - © ouns - e s §
E— Feature /St}tl:: - 1 Feature resnet101 - ] i , : 1:o 032
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- Simple CNNs have 2 or 4 layers
- These has 6 different model with channels

This colormap represents the investigation of overfitting and darker colors indicate stronger
activation.

5. Conclusion

ResNet[He+(2015)]
X3 X 4 X23 X3

Conv2_x identity *\” Conv3_x identity ;" Conv4_x identity ", Conv5_x identity
A | A I A i A

- We used ResNet18, ResNet34, ResNet50,
ResNet101, and ResNetl152.
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. B J' o 18lll12] (=] 1<lllg] |g] 13102 sla important important ® C(lassification Performance

R EEEE e E g e e e L - Channel - Pixel » Achieved an 67+*, 7*(0/BB*in classification performance.

P : : T > Confirmed ¥C)1,-0D*=#. 44474=. 8, (*.==""1.=E*21$5*C""#$i&C . 90 () "'S.
“ ” v ' . > Observed performance 0(5. (=0C0($'$51,""95*+F6 ¥ *($091 . %4, (.

» Achieved a BBE(GG*10D"" =8}, (*in human inspection workload.

- ResNet is a deep CNN architecture that By learning both channel-wise and spatial ® Future Work
stabilizes training via skip connections, attention, CBAM highlights important features > Integration into the operati()nal pipeline for new ()bj ect discovery.
addressing the vanishing gradient problem within the feature maps.

» Improving model generalization to handle diverse observation images.
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