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研究室活動の基本⽅針

ü データ科学技術（深層学習，画像認識，... etc.）

ü ビッグデータ（画像・動画，スペクトル，... etc.）

ü 宇宙科学（太陽活動, 銀河，... etc.）

宇宙情報学研究室として，新しい宇宙科学の知⾒
獲得と情報科学技術の発展を⽬指しています．
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2022年度 研究テーマ

⼤学院
(10名)

研究⽣

学部⽣
(7名)

⼤沼 伊織，太陽活動領域の成⻑予測モデル構築
⼩松 耀⼈，太陽全球磁気画像からの end-to-end な太陽フレア予測モデル開発
本間 裕也，銀河形態分類モデルの学習データと異なる空間解像度データへの適⽤

安藤 秀⼀，機械学習を利⽤した植物スペクトルからの病理判断
杉原 侑剛，Blind Deconvolutionによる衛星光学系劣化診断
⽵部 良 ，深層学習を⽤いた太陽磁場画像でのコロナホール検出
⽥所 拓⾺，オートエンコーダを⽤いた太陽フレアの新規予測⼿法の開発
津⽥ 和輝，High-z領域における銀河画像からのphoto-z推定⼿法の開発
前澤 健⼀，深層学習を⽤いた⼈肌画像からのパラメータ診断⼿法の開発
渡邊 健⽃，GANを⽤いた⿊点スケッチからの磁場データ復元

Jargalmaa Batmunkh, ⾼次元データ効率圧縮による太陽スペクトルの異常検知⼿法の開発

佐々⽊ 明良，Mask R-CNNを⽤いた太陽フィラメント検出の精度向上
佐藤 智哉 ，圃場画像からのSPAD値推定⼿法開発
⻑⾕川 幸⼤，Giant Cell検出のための太陽対流構造追跡の⾼速化検討
本多 ⾶翔 ，太陽⿊点の出現予測モデル構築への挑戦
町⽥ 瑞樹 ，教師なし学習による銀河画像の特徴抽出⼿法の開発
村⽥ 実広 ，教師ラベルエラーに対するMLPとCNNの挙動差に関する研究
横⼭ 光輝 ，太陽活動領域の画像予測⼿法の開発

他に...

関学情報M1  太陽シグモイド⾃動検出

新潟⼤環境M1  短命氷河湖の⾃動検出

太陽︓9件
銀河︓3件
情報︓6件
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「宇宙 x 情報」の現在
近年，宇宙科学と情報科学の融合が急速に進む．天⽂情報
学(AstroInformatics)という呼称も使われるように．

Credit: Event Horizon Telescope

(c) NASA

ブラックホールの撮像観測

膨⼤な画像データ処理
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2010年代から天⽂情報学関連の学会・研究会が開催．
IEEE Bigdata 2019

「宇宙 x 情報」の現在
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Abstract—In analyses of rare-events, regardless of the domain

of application, class-imbalance issue is intrinsic. Although the

challenges are known to data experts, their explicit impact on

the analytic and the decisions made based on the findings are

often overlooked. This is in particular prevalent in interdisci-

plinary research where the theoretical aspects are sometimes

overshadowed by the challenges of the application. To show-case

these undesirable impacts, we conduct a series of experiments

on a recently created benchmark data, named Space Weather

ANalytics for Solar Flares (SWAN-SF). This is a multivariate

time series dataset of magnetic parameters of active regions.

As a remedy for the imbalance issue, we study the impact

of data manipulation (undersampling and oversampling) and

model manipulation (using class weights). Furthermore, we bring

to focus the auto-correlation of time series that is inherited

from the use of sliding window for monitoring flares’ history.

Temporal coherence, as we call this phenomenon, invalidates the

randomness assumption, thus impacting all sampling practices

including different cross-validation techniques. We illustrate how

failing to notice this concept could give an artificial boost

in the forecast performance and result in misleading findings.

Throughout this study we utilized Support Vector Machine as

a classifier, and True Skill Statistics as a verification metric for

comparison of experiments. We conclude our work by specifying

the correct practice in each case, and we hope that this study

could benefit researchers in other domains where time series of

rare events of are interest.

Index Terms—class imbalance, sampling, time series, flare

forecast

I. INTRODUCTION

To gain valuable insights or robust predictive performance
from data, we must first ensure the integrity of our data.
Beyond data collection, this involves data-cleaning. It requires
a thorough investigation by the experts of the domain and data
scientists to produce a reliable dataset. Nonetheless, there are
some challenges which are inherited from the subject under
study due to unique characteristics of the data which should
be identified, understood and dealt with appropriately. Class-
imbalance issue is one of the main problems of this kind,

Fig. 1. Snapshots of an X-class flare, peaking at 7:49 p.m. EST on
Feb. 24, 2014, observed by NASA’s Solar Dynamics Observatory, in the
304Å wavelength channel. (Images source: https://helioviewer.org/)

which is present in many natural or other nonlinear dynamical
systems. This is often due to the nature of the events, not the
data collection process.

Class-imbalance is a common problem, with many potential
remedies. Some of these remedies are common and well-
known, but can still be misapplied. This is particularly true
when the primary objective is not machine learning per se
but the testing and scrutiny of domain-specific theories. The
complexity of the problem at hand and the absence of data
experts very often underestimate the needed level of care,
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機械学習
分類や回帰の⼊出⼒パターンを学習する，AIのコア技
術．特に深層学習は，過パラメータでありつつ汎化性を
持つ．
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モデルによる
解答

DOG

教師データ
モデルの学習

=重みと域値の最適化

CAT

誤差
逆伝搬

モデルの予測

DOG

⼤量のデータ＝ビッグデータ

機械学習における学習と予測
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代表的な機械学習⼿法

664 14. COMBINING MODELS

Figure 14.6 Binary tree corresponding to the par-
titioning of input space shown in Fig-
ure 14.5.

x1 > θ1

x2 > θ3

x1 ! θ4

x2 ! θ2

A B C D E

divides the whole of the input space into two regions according to whether x1 ! θ1

or x1 > θ1 where θ1 is a parameter of the model. This creates two subregions, each
of which can then be subdivided independently. For instance, the region x1 ! θ1

is further subdivided according to whether x2 ! θ2 or x2 > θ2, giving rise to the
regions denoted A and B. The recursive subdivision can be described by the traversal
of the binary tree shown in Figure 14.6. For any new input x, we determine which
region it falls into by starting at the top of the tree at the root node and following
a path down to a specific leaf node according to the decision criteria at each node.
Note that such decision trees are not probabilistic graphical models.

Within each region, there is a separate model to predict the target variable. For
instance, in regression we might simply predict a constant over each region, or in
classification we might assign each region to a specific class. A key property of tree-
based models, which makes them popular in fields such as medical diagnosis, for
example, is that they are readily interpretable by humans because they correspond
to a sequence of binary decisions applied to the individual input variables. For in-
stance, to predict a patient’s disease, we might first ask “is their temperature greater
than some threshold?”. If the answer is yes, then we might next ask “is their blood
pressure less than some threshold?”. Each leaf of the tree is then associated with a
specific diagnosis.

In order to learn such a model from a training set, we have to determine the
structure of the tree, including which input variable is chosen at each node to form
the split criterion as well as the value of the threshold parameter θi for the split. We
also have to determine the values of the predictive variable within each region.

Consider first a regression problem in which the goal is to predict a single target
variable t from a D-dimensional vector x = (x1, . . . , xD)T of input variables. The
training data consists of input vectors {x1, . . . ,xN} along with the corresponding
continuous labels {t1, . . . , tN}. If the partitioning of the input space is given, and we
minimize the sum-of-squares error function, then the optimal value of the predictive
variable within any given region is just given by the average of the values of tn for
those data points that fall in that region.Exercise 14.10

Now consider how to determine the structure of the decision tree. Even for a
fixed number of nodes in the tree, the problem of determining the optimal structure
(including choice of input variable for each split as well as the corresponding thresh-

Figure 2: Gaussian process regression on data from yi = sin(xi) + ✏.

1.7 Sparse Kernel Machines

Support vector machines

Figure 3: Data which is linearly separable in the feature vector space �(x), but not in
x-space. The maximum margin hyperplane is non-linear in x-space. Source: Wikipedia.

• The main idea (when data is linearly separable) is to optimize w and b in the equa-
tion y(x) = w

T
�(x) + b so that the separating hyperplane has a maximal margin.

The points closest to the margin are called support vectors, and the hyperplane
depends only on these points.

• Lagrange multipliers and the Karush-Kuhn-Tucker (KKT) conditions are needed to
solve the problem. For the problem below, the Lagrangian is L(x,�) = f(x)��g(x).

Optimization problem KKT-conditions

minimize f(x) g(x) � 0,� � 0

subject to g(x) � 0 �g(x) = 0

16

Random forest

Support vector machine

Neural Network
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• 神経細胞を模倣した最初のモデル
• 複数の⼊⼒に対して１つの値を出⼒

細胞体

軸索

入力 重み

出力x2 w2

xn
wn

x1 w1

マカロック-ピッツの素⼦モデル
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神経細胞のモデル化
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活性化関数︓ReLU
傾きが１という性質から，優れた性質を持つ．
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畳み込みニューラルネットワーク
画像データ(空間構造)を学習するにはどうすればよいだろうか︖

1. 画像から特徴量を作成し，⼊⼒変数とする
2. 特徴量の作成（畳み込み計算）を学習する

= 畳み込みニューラルネットワーク（CNN）
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MLPとCNN
Multi Layer Parceptron (MLP)

Convolutional Neural Network (CNN)

Ϟσϧߏ଄

ਤ 9ʹ CNNΞʔΩςΫνϟͷ֓ཁΛࣔ͢. ͜ͷΑ͏ʹ, 8ͭͷ৞ΈࠐΈ૚, 3ͭͷMaxPooling

૚, 3ͭͷશ݁߹૚͔Βߏ੒͞Ε͍ͯΔ. ·ͨ, શͯͷ৞ΈࠐΈ૚, ,ʹޙҎ֎ͷશ݁߹૚ͷޙ࠷ όο

νਖ਼نԽΛ͍ߦ, .͍ͨ༺Խؔ਺͸ReLUΛੑ׆ ද 8ʹCNNͷΞʔΩςΫνϟͷαΠζΛࣔ͢. Li

et al. (2020)΍Huang et al. (2018)ͱಉ༷ʹ, 1, 2૚໨ͷαΠζ͸ 11× 11ͱ͠, ғͰಛ௃ൣ͍޿

Λଊ͑ΔΑ͏ʹͨ͠. ͦͯ͠,ɹ૚͕ਂ͘ͳΔ͝ͱʹ 3 × 3, 2 × 2ͷΑ͏ʹͯ͠, ғͷಛ௃ൣ͍ڱ

Λଊ͑ΔΑ͏ʹͨ͠.
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機械学習モデルのパラメータ数の影響
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1.1. Example: Polynomial Curve Fitting 7
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Figure 1.4 Plots of polynomials having various orders M , shown as red curves, fitted to the data set shown in
Figure 1.2.

(RMS) error defined by
ERMS =

√
2E(w!)/N (1.3)

in which the division by N allows us to compare different sizes of data sets on
an equal footing, and the square root ensures that ERMS is measured on the same
scale (and in the same units) as the target variable t. Graphs of the training and
test set RMS errors are shown, for various values of M , in Figure 1.5. The test
set error is a measure of how well we are doing in predicting the values of t for
new data observations of x. We note from Figure 1.5 that small values of M give
relatively large values of the test set error, and this can be attributed to the fact that
the corresponding polynomials are rather inflexible and are incapable of capturing
the oscillations in the function sin(2πx). Values of M in the range 3 ! M ! 8
give small values for the test set error, and these also give reasonable representations
of the generating function sin(2πx), as can be seen, for the case of M = 3, from
Figure 1.4.

パラメータ数が増えると，表現⼒は上がるが汎化性能は下が
る．適切なパラメータ数を決める必要がある．
# NNは過パラメータであるが，汎化性能が下がらないのかも︖4 1. INTRODUCTION

Figure 1.2 Plot of a training data set of N =
10 points, shown as blue circles,
each comprising an observation
of the input variable x along with
the corresponding target variable
t. The green curve shows the
function sin(2πx) used to gener-
ate the data. Our goal is to pre-
dict the value of t for some new
value of x, without knowledge of
the green curve.

x

t

0 1

−1

0

1

detailed treatment lies beyond the scope of this book.
Although each of these tasks needs its own tools and techniques, many of the

key ideas that underpin them are common to all such problems. One of the main
goals of this chapter is to introduce, in a relatively informal way, several of the most
important of these concepts and to illustrate them using simple examples. Later in
the book we shall see these same ideas re-emerge in the context of more sophisti-
cated models that are applicable to real-world pattern recognition applications. This
chapter also provides a self-contained introduction to three important tools that will
be used throughout the book, namely probability theory, decision theory, and infor-
mation theory. Although these might sound like daunting topics, they are in fact
straightforward, and a clear understanding of them is essential if machine learning
techniques are to be used to best effect in practical applications.

1.1. Example: Polynomial Curve Fitting

We begin by introducing a simple regression problem, which we shall use as a run-
ning example throughout this chapter to motivate a number of key concepts. Sup-
pose we observe a real-valued input variable x and we wish to use this observation to
predict the value of a real-valued target variable t. For the present purposes, it is in-
structive to consider an artificial example using synthetically generated data because
we then know the precise process that generated the data for comparison against any
learned model. The data for this example is generated from the function sin(2πx)
with random noise included in the target values, as described in detail in Appendix A.

Now suppose that we are given a training set comprising N observations of x,
written x ≡ (x1, . . . , xN )T, together with corresponding observations of the values
of t, denoted t ≡ (t1, . . . , tN )T. Figure 1.2 shows a plot of a training set comprising
N = 10 data points. The input data set x in Figure 1.2 was generated by choos-
ing values of xn, for n = 1, . . . , N , spaced uniformly in range [0, 1], and the target
data set t was obtained by first computing the corresponding values of the function



機械学習モデルの評価
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8 1. INTRODUCTION

Figure 1.5 Graphs of the root-mean-square
error, defined by (1.3), evaluated
on the training set and on an inde-
pendent test set for various values
of M .

M

E
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M
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0 3 6 9
0

0.5

1
Training
Test

For M = 9, the training set error goes to zero, as we might expect because
this polynomial contains 10 degrees of freedom corresponding to the 10 coefficients
w0, . . . , w9, and so can be tuned exactly to the 10 data points in the training set.
However, the test set error has become very large and, as we saw in Figure 1.4, the
corresponding function y(x,w!) exhibits wild oscillations.

This may seem paradoxical because a polynomial of given order contains all
lower order polynomials as special cases. The M = 9 polynomial is therefore capa-
ble of generating results at least as good as the M = 3 polynomial. Furthermore, we
might suppose that the best predictor of new data would be the function sin(2πx)
from which the data was generated (and we shall see later that this is indeed the
case). We know that a power series expansion of the function sin(2πx) contains
terms of all orders, so we might expect that results should improve monotonically as
we increase M .

We can gain some insight into the problem by examining the values of the co-
efficients w! obtained from polynomials of various order, as shown in Table 1.1.
We see that, as M increases, the magnitude of the coefficients typically gets larger.
In particular for the M = 9 polynomial, the coefficients have become finely tuned
to the data by developing large positive and negative values so that the correspond-

Table 1.1 Table of the coefficients w! for
polynomials of various order.
Observe how the typical mag-
nitude of the coefficients in-
creases dramatically as the or-
der of the polynomial increases.

M = 0 M = 1 M = 6 M = 9
w!

0 0.19 0.82 0.31 0.35
w!

1 -1.27 7.99 232.37
w!

2 -25.43 -5321.83
w!

3 17.37 48568.31
w!

4 -231639.30
w!

5 640042.26
w!

6 -1061800.52
w!

7 1042400.18
w!

8 -557682.99
w!

9 125201.43

汎化性能を調べるためには，訓練に使⽤していないデータ
（検証/テストデータ）で評価が必要︕



太陽フレアの予測
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機械学習によるフレア予測 (Bobra+, 2015）

The Astrophysical Journal, 798:135 (11pp), 2015 January 10 Bobra & Couvidat

[1] Bϕ [2] Bθ

[3] Br [4] Continuum

[5] AR Detection [6] Disambiguation Threshold

[7] SHARP Mask [8] R Mask
Figure 1. First four panels show each of the components of the vector magnetic field data, Bφ , Bθ , and Br , and the continuum intensity data for NOAA active region
11429 on 2012 March 7 at 00:24 TAI. The color table is scaled between ±2500 G for all three magnetic field arrays. The fifth panel shows the result of the active
region automatic detection algorithm; the sixth panel shows pixels above the high-confidence disambiguation threshold. Only pixels that are within the orange-shaded
region and above the high-confidence disambiguation threshold contribute to the calculation of the active region SHARP parameters. These pixels are shown in the
seventh panel. The eighth panel shows the result of the polarity inversion line automatic detection algorithm. These pixels contribute to the active region parameter R.
All the panels are in the cylindrical equal-area (CEA) coordinate system and centered on CEA longitude 304.◦7 and CEA latitude 17.◦5 in Carrington rotation 2120;
the patches span 35◦ in CEA longitude and 14◦ in CEA latitude.

3. MACHINE-LEARNING ALGORITHMS

To automatically predict whether an AR will flare or not, we
apply ML classifiers to the SHARP data sets of positive and
negative examples. Machine learning is a field of computer
science that develops algorithms with the ability to learn a
specific task without being explicitly programmed for it. It is
commonly used for classification, regression, and clustering
tasks. Machine-learning classifiers need to be trained on a
catalog of examples, and tested on another catalog.

3.1. Feature Selection Algorithm

Each example of a flaring or non-flaring AR is characterized
by a feature vector of SHARP parameters. High dimensionality
in this vector may result in lower performance for a classifier.
It is beneficial to reduce the dimensionality by getting rid of
features that are not very helpful at the classification task. Here,
we use a univariate feature selection algorithm with an F-score
for feature scoring. This kind of feature selection algorithm is a
so-called filter method (e.g., Guyon & Elisseeff 2003), because
it is applied prior to running, and is independent of the classifier
(in contrast to, e.g., wrapper or embedded methods). Filter al-
gorithms involve the computation of a relevance score. They are
widely used and computationally efficient. Univariate feature
selection algorithms assume that the features are independent,
and ignore any correlation between them. The F-score, or Fisher
ranking score, F (i), for feature i is defined as (e.g., Chang &

Lin 2008)

F (i) = (x̄+
i − x̄i)2 + (x̄−

i − x̄i)2

1
n+−1

∑n+

k=1(x+
k,i − x̄i)2 + 1

n−−1

∑n−

k=1(x−
k,i − x̄i)2

, (1)

where x̄+
i is the average of the values of feature i over the

positive-class examples, x̄−
i is the average of the values over

the negative-class examples, x̄i is the average of the values over
the entire data set, n+ is the total number of positives examples
in the data set, n− is the number of negative examples, and
the denominator is the sum of the variances of the values of
feature i over the positive and negative examples separately.
The F-score measures the distance between the two classes for
a given feature (inter-class distance), divided by the sum of the
variances for this feature (intra-class distance). We compute the
F-score of each feature, and only select those with the highest
score.

Here we compute F (i) through the SelectKBest class of the
Scikit-Learn module for the Python programming language
(Pedregosa et al. 2011). Scikit-Learn uses the Libsvm library
internally.

3.2. The Classifier: a Support Vector Machine

We focus on the SVM (Cortes & Vapnik 1995), which is a
binary classifier. Typically, the two classes are called positive
and negative. By convention, and as mentioned in Section 2.2,

4

- 約150万枚の活動領域画像から予測モデルを構築
- ⼈を超えたTSS=0.76を達成 cf) TSS〜0.5︖@研究者
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これまでの予測スコア

ද 4: ઌڀݚߦͷ TSSͷ·ͱΊ

༧ଌख๏ TSS

ઢܗ෼ྨث (ը૾σʔλ+ྻܥ࣌)

(Jonas et al. 2018)
0.810±0.030

DNN (Nishizuka et al. 2018) 0.800

LSTM (Liu et al. 2019) 0.792±0.008

SVM (Bobra et al. 2015) 0.761±0.039

CNN (Li et al. 2020) 0.749±0.079

Random Forest (Florios et al. 2018) 0.740±0.020

CNN (Huang et al. 2018) 0.662

8

DNNよりCNNの⽅がスコアが低い︖︖
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CNNによるフレア予測モデル構築
Ϟσϧߏ଄

ਤ 9ʹ CNNΞʔΩςΫνϟͷ֓ཁΛࣔ͢. ͜ͷΑ͏ʹ, 8ͭͷ৞ΈࠐΈ૚, 3ͭͷMaxPooling

૚, 3ͭͷશ݁߹૚͔Βߏ੒͞Ε͍ͯΔ. ·ͨ, શͯͷ৞ΈࠐΈ૚, ,ʹޙҎ֎ͷશ݁߹૚ͷޙ࠷ όο

νਖ਼نԽΛ͍ߦ, .͍ͨ༺Խؔ਺͸ReLUΛੑ׆ ද 8ʹCNNͷΞʔΩςΫνϟͷαΠζΛࣔ͢. Li

et al. (2020)΍Huang et al. (2018)ͱಉ༷ʹ, 1, 2૚໨ͷαΠζ͸ 11× 11ͱ͠, ғͰಛ௃ൣ͍޿

Λଊ͑ΔΑ͏ʹͨ͠. ͦͯ͠,ɹ૚͕ਂ͘ͳΔ͝ͱʹ 3 × 3, 2 × 2ͷΑ͏ʹͯ͠, ғͷಛ௃ൣ͍ڱ

Λଊ͑ΔΑ͏ʹͨ͠.

64

12
8

64

12
8

Conv1

64

64

64

64

Conv2

64

64
64

32

64
32

Conv3

64
32

30
0

Dense1

64

Dense2

2

Softmax

ਤ 9: CNNΞʔΩςΫνϟ

18

4.2 ݧ࣮ 2

DNNͷֶ֤शʹର͢Δଛࣦؔ਺ͷมԽͷάϥϑΛਤ 12ʹࣔ͢. Validation Loss, Train Loss͸

.େ͖ͳৼಈΛ͍ͯ͠ͳ͍ʹڞ 1ճ͋ͨΓͷֶश࣌ؒ͸໿ 5෼Ͱ͋ͬͨ.

ਤ 12: CNNΛ༻͍ͨϞσϧͷֶ֤शʹର͢Δଛࣦؔ਺ͷมԽ

ද 10͸, ຊ࣮ݧͰ࣮૷ֶ֤ͨ͠शख๏ͷTSSͷฏۉͱඪ४ภࠩΛࣔ͠, ਤ 13͸ͦͷശ඘ਤΛࣔ

͢. ,ցֶशͰ͸ػ Rondom Forest ͱ kۙ๣๏ͷείΞ͕ྑ͍͜ͱ͕෼͔ͬͨ. ຊ࣮ݧʹ͓͍ͯ

͸, CNNͷείΞ͸ଞͷֶशख๏ͱൺ΂ͯ, ௿͍݁Ռʹͳ͍ͬͯͳ͔ͬͨ. ͜Ε͸, ઌڀݚߦͷ܏

.ͱҟͳΔ݁ՌͰ͋Δ޲

ද 10: ֶ֤शख๏ʹ͓͚Δ TSS

ֶशख๏ TSS

CNN 0.928±0.009

DNN 0.911±0.005

Random Forest 0.901±0.006

kۙ๣๏ 0.891±0.005

SVM 0.777±0.011

ϩδεςΟοΫճؼ 0.762±0.011
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・全⼿法で予測精度が上昇
・CNNの予測精度が⼀番に

調べてみたところ，作成された
データのミスが原因だったよう...

# CNNの⽅が間違いデータに敏感︖
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© NASA

全球画像 ルールベースで検出
+ ⼈⼿による補正 フレア予測

全球画像 フレア予測深層学習
で領域検出

End-to-endなフレア予測⼿法の開発

従来⼿法

提案⼿法
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© NASA

Mask R-CNN (He et al., 2017)

・マスク学習ブランチを持つ，物体検出モデル．
・３つの損失関数(BB, MSK, CLS)を最適化する．
・COCO分類問題において最⾼スコアを達成．
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© NASA

SHARP (Bobra et al., 2017)
• ルールベース+⼈⼿による活動領域検出
• 磁場画像 + 座標，形状，物理量
• 領域Annotationに使⽤

データセット
SHARP (Angryk et al., 2020)
• 複数データを統合したフレアデータベース
• これまでのものよりも正確にラベル付け
• フレア発⽣ラベルに使⽤
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© NASA

データセット

学習⽤ (8割) 検証⽤ (2割)

期間 画像 [枚] フレア
未発⽣[例]

フレア
発⽣[例] 画像[枚]

フレア
未発⽣[例]

フレア
発⽣[例]

201005-
201104 4,999 32,988 2,976 1,290 8,284 750

2010年5⽉〜2011年4⽉で以下のデータを使⽤
⼊⼒画像 - SDOの視線⽅向磁場画像
領域Annotation   - SHARPを利⽤
フレア発⽣ラベル - SWANから作成．24時間以内発⽣で2クラス
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学習の推移

汎化性能を維持しながら推移
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検出結果

Ground Truth 検出結果
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⿊点成⻑の画像予測

エンコーダ-デコーダモデルにより画像
予測を⾏う．
→ それなりに特徴をとらえていそう．
→ MHD⽅程式が学習できている︖
⾼精度な予測を⽬指してGANを導⼊中

12時間後

Input Output Answer
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太陽フィラメント検出

© NASA© ESA

正解画像 検出結果

“空間相似性を持つ物体では部分構造を抽出”してしまう，現DL
アルゴリズムの弱点が明らかに... → RPNを改良中︕
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教師ラベルエラーの影響探査

実は，深層学習モデルは教師ラベ
ルエラーにかなり強いかも︖︖
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座学の最後に...
宇宙情報学研究室として，新しい宇宙科学の知⾒獲得と情報科学技術の
発展を⽬指しています．興味がある⽅は，ぜひ⼀緒に研究しましょう．
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