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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 / 深層学習

- 分類・回帰問題などの⼊出⼒のパターン学習⽅法
- 現AIのコア技術．ここ数年は⽣成系が流⾏っている．
- 特にNeural Network系はこの10年で⾮常に⾼精度に．
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機械学習（⼊出⼒パターンの学習）

属性
特徴量
画像

クラス
予測値
画像

学習モデル
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最⼩⼆乗法（回帰分析）も
機械学習の１種
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機械学習モデルの作り⽅
1. 問題設定（⼊⼒，出⼒ etc.）の決定
2. アルゴリズム（RF, SVM, 深層学習, etc.）の決定
3. モデルアーキテクチャの決定
4. 学習⽅法(損失関数，最適化⽅法)の決定と実⾏
5. 汎化性能の評価

属性
特徴量
画像

クラス
予測値
画像

学習モデル
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研究例１ 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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© NASA

研究例2 全球磁場画像からのフレア予測

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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ニューラルネットワークによる高精
度なデータ内挿•外挿を用いたデー
タの対称性・分割性から効率的な関
数の同定を行う

ファインマン物理学の100個の⽅程
式を2時間以内に全て解いた

AI-Feynmanが解いたファインマン物理学の式の一例
右下表 : [1] Silviu-Marian Udrescu and Max Tegmark. AI Feynman: A physics-inspired method for symbolic regression. Science Advances, Vol 6, Issue 16, 2020.
右上図 : [2] Silviu-Marian Udrescu and Max Tegmark. AI Feynman 2.0: Pareto-optimal symbolic regression exploiting graph modularity. arXiv:2006.10782[cs.LG]. 

研究目的

AI-Feynmanを拡張して
微分方程式に対応する

研究例３ 関数同定による物理法則の発⾒
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• 空間を0~5に設定し，50分割 : 𝑑𝑥 = 0.1

• 時間刻みは0.005(𝑠) : 𝑑𝑡 = 0.005

• 拡散係数 : ν = 0.3

• 流体の密度 : ρ = 0.4

• 説明変数は𝒖, 𝒑, 𝝏𝒖
𝝏𝒙
, 𝝏𝒑
𝝏𝒙
, 𝝏

𝟐𝒖
𝝏𝒙𝟐

, 𝝏
𝟐𝒑
𝝏𝒙𝟐

の6つ
圧力𝑝の分布

𝜕𝑢
𝜕𝑡

= −𝑢
𝜕𝑢
𝜕𝑥

−
1
𝜌
𝜕𝑝
𝜕𝑥

+ ν
𝜕(𝑢
𝜕𝑥(

時間変化項 移流項 圧力項 拡散項

ナビエ・ストークス方程式

分布(1) 分布(2) 分布(3)

研究例３ 関数同定による物理法則の発⾒
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分布 移流方程式 バーガース方程式
𝜈 = 0.1

ナビエ・ストークス方程式
𝜈 = 0.3, 𝜌 = 0.4

(1) −𝑢
𝜕𝑢
𝜕𝑥 −𝑢

𝜕𝑢
𝜕𝑥 + 0.1

𝜕!𝑢
𝜕𝑥! −0.975𝑢

𝜕𝑢
𝜕𝑥 + 0.318

𝜕!𝑢
𝜕𝑥! + 0.310

(2) −𝑢
𝜕𝑢
𝜕𝑥 −𝑢

𝜕𝑢
𝜕𝑥

+ 0.1
𝜕!𝑢
𝜕𝑥!

−1.001𝑢
𝜕𝑢
𝜕𝑥

+ 0.312
𝜕!𝑢
𝜕𝑥!

+ 0.312𝑝 − 1.001𝑢
𝜕𝑝
𝜕𝑥

− 0.450

(3) −𝑢
𝜕𝑢
𝜕𝑥 −𝑢

𝜕𝑢
𝜕𝑥

+ 0.1
𝜕!𝑢
𝜕𝑥!

−𝑢
𝜕𝑢
𝜕𝑥

+ 0.318
𝜕!𝑢
𝜕𝑥!

+ 0.382

実行時間
(平均) 1時間9分 1時間7分 2時間30分

正解の式 : −𝑢 ./
.0
+ 0.3 .

"/
.0"

− 2.5 .1
.0

移流項 拡散項 圧力項

研究例３ 関数同定による物理法則の発⾒

March 30th, 2023 太陽研究最前線ツアー



AI-Feynman : 898: = −0.975𝑢 898; + 0.318
8#9
8;# + 0.310

正解のナビエ・ストークス方程式 : 
89
8:
= −𝑢 89

8;
− 2.5 8<

8;
+ 0.3 8

#9
8;#

⇒ 式の形は異なるが、データを
ほぼ正確に記述できる微分方程式を同定

: AI-
Feynman
: 正解の式

研究例３ 関数同定による物理法則の発⾒
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深層学習による⾮線形現象モデリングはやはり強⼒．さらに，データ
からの関数同定も現実的になってきた．以下のモデリングが可能︖

新しい物理モデリング⽅法の提案

Step1 深層学習による予測モデル構築

Step2 AI Feynman(など)による関数同定

関数系は簡略化
- 知っている項は引いて
おく

ブラックボックスだが
(⾼精度の）データ⽣成器

データはできるだけ少なく
- 情報論的エントロピーな
どに基づいたサンプリング

数値シミュレーション
- なぜだかできるものの具体
的に法則式を知りたいもの︖

観測データ
- 数値シミュレーションでは
再現できないもの︖

DLモデル

できるだけ⾼精度な予測モデルを作る
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GOES X-ray Fluxデータからのフレアクラス分類問題
→ 何をするかノーヒントで，データ最⼤値を読み取り分類する

機械学習の実習
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