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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.
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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 KUlpGI' Extended Mission (KEM) Channel set 128 | 32-32-64-64 | 64-64-128-128 | 32-64-128-256 | 64-128-256-512
. . . . . . . Laver ‘ ' ; y y . 18 3 ; ' 5
® Numerous faint distant object candidates were detected in the acquired image data. e o 1 : ’ — = > = = =2
Difficult Easy to classify! Batch size 32
. . 32 stacke Learning ratio 0.01
® Human inspection used to separate real TP Chanze ratio —
. : -_%’ Change step 5, 10, 15, 20, 25
Ol:)J eCtS from n01se: . . . O Optimizer SGD (Stochastic Gradient Descent)
o Slngle_frame ClaSSIﬁcathn ShOWCd hmlted Loss function BCE (Binary Cross Entropy)
. va. o Momentum 0.9
rehablhty. 'cZS Weight decay 0.0001

(1)CBAM model vs Non-CBAM model

CNN1 -
CNN2 { A

CNN3 - <o
CNN4 -
CNNS5 -

Developed a model for object detection based on multiple stacked images
(Manuscript submitted and under review in PASJ)

2. Data Processing
(1) Observation and processing

Non-CBAM i
32+4 '

(AUC (Area Under the Curve)]

1 threshold-independent metric evaluating
he classifier’s overall ability to distinguish
yetween classes.

Table2.1 Observation Datasets Configuration Taking many images 7 | Binarized image creation |« Previ h task CNNG6 -
Parameter Dataset 1 Dataset 2 at the Subaru Telescope L| on FPGA reVlous. uman tasks ® CBAM ShOWS a clear
DATEOBS (UT) 2020/06/20 2020/05/30 1 | Darkand fla;t correction 8 | Superposing images We classified about ,2’000 S Resnetls A —— :
Red. id 03093 03072 on the HSC pipeline on FPGA images per observation. R 34 A Data Combination  ; ) o
[ - esne ° > mprovement in AUC,
of the first 10:55:39.175 10:31:55.756 2 Position To"ect'on Peak value calculation Resnet50 | : z; 12 .
exposure ! | . : . . °
ziug: :llr:; 4550 530 45000 958 3 [ Sky level adjustment Max value evlem selection iy We autom%lte human tasks using Al Resnet101 ’ zi 16 St - AUC o 0.99 aChIEVEd
Rf\xzp(;)(;t)"(c° ) 288.662 288714 4 | Mask patte:n correction Low value event removal | Gfe I;lere‘;tz)lgiUt data fI‘OI.I.l an output Resnet151 O
DEC2000 () 20.049 20.380 l 1' T i System—(ii) 5 ]
Field id ) ) S T —— Shape value caloulation | 0.90 0.9 0.94 0.96 0.98 1.00
- pF:!u:r( ) ;(2) :')(2) I ] 4 y AUC
zp Ame ' v T——" Classify the input data has object
Number of images 118 128 Hot pixel removal Visual inspection of events |10 y 1Y d o0 ° °
g S | ‘, | [ornoise—(. Machine Leaming | I (1) Performance by Data Combination
Night condition ((,1?:;:3)32;?;7 7_:;:(1: ('{"E;:[;;Ig})((})7';[)°% Search for objTact candidates Coordinate conversion |11 MOdel) .
(Wind) 1.9 - 7.7m s~ (Wind) 2.5 — 15.4m s~ ' . e o
(Hurr:lidily) 2.2%-24.4% (Hur:idily) 17.5% — 28.5% Fig2.1 Process of the JAXA system CNN1 32:-16:-8-4 Baseline 320n |y O 324 ° Comb 1Nin g 3 2 ¢ 4
. . . . . . 0.95 . . .
® Used two-night observation data obtained in 2020 at the Subaru Telescope with HSC[ Yoshida+ CNN2 | A : improved classification
(2024), Fraser+ (2024)]. CNN3 - performance
® Applied image stacking with the JAXA Moving Object Detection System (see the poster P7 by CNN4 - : < |f’> .
. . °
‘s : resulted 1n performance
(i1) Input data creation process CNNG - i A . .
. Table2.2 Machine Learning Datasets Configuration '\ 0 de gradatl()n .
1 : An output by the JAXA system 2 : Separated Images 3 : An Input data Feature Sataset 1 Datasei 2 Resnetl8 :
‘ (b) 4 stacked images Red. id 03003 03072 Resnet34 andaan I * These results indicate
Primary Use Training Evaluating : =3 e . .
Total Stac'ked Irpages 1,966 (11,796) 3,015 Resnet50 A 32: . B that the Comblnatlon Of
Images with Objects 1,476 (8,856) 2,643 ’ a5 a8 @4 .
Images without Objects 490 (2,940) 372 e Y = . .
81 1mages Numbers in parentheses represent data after sixfold augmenta- Resnet101 * 32.4 i IHPUt 1mag es muSt be
(e) 32 stacked images tion (e.g., 1,966 raw images became 11,796 after stacking). Resne t 1 5 2 . . . .
ARG s carcfully optimized.
s Shape : 21X21x9 Sixfold data augmentation 0.90 0.92 094 0.96 098 100 y p
s' i _ = (21x21 : Image size) by 90, 180, and 270 rotations, and ' ' ' AUC ' ' '
(d) 16 stacked (QRY]

(9 : channel size) vertical and horizontal flips. (. oo

Fig. 2.2 Process of creating input images from the JAXA system outputs lll)ReSUIt Of Human taSk l‘edllCthIl l‘ath

® (reated input data by stacking multiple superposing images.
® Applied rotation and flip augmentation to generate ~14,000 samples. e

| AI task region
-l Error : 0.08%

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

3. Machine Learning Model

S Human

Input ¢ CNN-CBAM layer VY N S task region .
data | ) ¥ = 1L T » Task reduction : 99.37%
T > i FC FC 10' - - False detection :

i Channel : 100% : ' ! o .

i ) Adtention Spatial i o L 0.08% (with objects)

| y - f ! ° °

: / I\ _/ - \ Output| x%  Threshold 10 ' 5% (without objects)
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Al-predicted probability of object presence

' 0% Noise
Convolutional Block Attention Module : — .
\ A * Results of Other Standard Metrics
Pool :
'l Data Combination és0t m . ¢ o @ A
________________________________________________________________ ’ CNN2 A o » B oA) % CNN2 A @ CNN2 @ A
Fig. 3.1 Architecture of the proposed image classification model = A =ic.s o oa ¢ - & Ao q o % ©
. . . : ;;;6.8.4 ] @ A O% NN A @ & @A
€®  Constructed a model combining a Convolutional Neural Network o S R : A A
(CNN) and a Convolutional Block Attention Module (CBAM). ) AT A o PR .
. . . resnet1s | A @ o} % resnet18 | A @ ] B® A
€  Applied various backbone CNNs to explore architectures that best ] . | ee - o R . .
resnetso 1 @ A e B i resnets0 - @ A [} resnets0 1 m A 4
Utlllze CBAM performance ln Slmple CNN and ReSNet. ” . 0IQMAccurac;lé6 . B 0.90 . oIé“Precisiori.‘96 . - ” . Of;lv Precis;g; "
AUC Gap (Test - Train)
CNN1 4 & m| QA CNN1 4 Qorm | | o or s ]
Simple CNN CBAM[Woo+(2018)] - S A e | T o
Convolutional Block Attention Module - ’ o ++ ‘.. . .. ..“: _ g
N < < < I ~ Refined | cwes o ) & ] g e 38 49 & &
5 = | = 3 3 Feature Channel ’ | Feature e : R A A i e
= X X X % 5 C Attention Soatial W. C — o  A® s ° A 5 ¢ resnet34 | a7 -10.7 87
™M ™M ™M ™M (@) W Module patl W o + s e B + 18 67 TR
C Attention || I ¢ 24 A B | T T o] sa 81 a7
/‘ poi— / \ f Module H \ - . b 3 o] O
. 1 ) 050 o5 o5 a%e 2% b0 o5 > 25 o5 a5e b0 » 2 2
* Simple CNNs have 2 or 4 layers " k . Recall FI score
- These has 6 different model with channels — () > This colormap represents the investigation of overfitting and darker colors indicate stronger
activation.

ResNet[He+(2015)] ) :
. Conv2 x iéientity . Conv3_x identity Conv4_;identityr . Convsi:(. identity M o o 5 ) COHCluSIOH
? ' ? Y r ore More : :
oy B J‘ U T R R ] s J important " important ® (lassification Performance
g ELsl LU S LS R LIS LR Lz LIS LS o hannel i : . : :
Hy Ene i nE R G - Channe - rixel - » Achieved an AUC of 0.99 1in classification performance.
3 E » Confirmed improved classification accuracy with multi-image input.
W dl; eS8, RecNerid ReeNets( - . - > Observed performance enhancement through CBAM integration.
* We used ResNe esNe esNe . . . .
d 2 b 0 ®
ResNet101, and ResNet]52. » Achieved a 999% reduction 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 operational pipeline for new ij ect diSCOVGI'y.
addressing the vanishing gradient problem within the feature maps.

» Improving model generalization to handle diverse observation images.
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