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2. Machine learning methods:
a) Model development
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KP INDEX

Global measure of geomagnetic
disturbance due to solar particle radiation.

Used worldwide as a standard to measure
geomagnetic activity.

Average value of disturbance levels in the
horizontal components of the magnetic
field at 13 selected stations around the
globe.

Input parameter for important near-Earth
space models, like air-drag, radiation
belt, diffusion coefficients, plasmapause,
thermospheric etc. models.
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CURRENT METHODOLOGIES

Input

Time history of
(1) solar wind speed
(2) proton density

9 Nowcast Kp index, GFZ German Research Centre for Geosciences
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MACHINE LEARNING METHODS

- Model development methods:
»  Feedforward Neural Networks (NN)
» Gradient Boosting (GB)

» Linear Regression (LR)
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MACHINE LEARNING METHODS

- Model development methods:
»  Feedforward Neural Networks (NN)

» Gradient Boosting (GB)
» Linear Regression (LR)

. Input selection methods:

»  Random Forest (RF)
» Mutual Information (M)
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MODEL DEVELOPMENT METHODS

Feedforward Neural
Networks (FNNs)

S={(x, y) ¥

l

eeeeeeeeeeeeeee
PPPPPPP

Gradient Boosting (GB)

S={(X;,_M—h1()ﬁ))ﬂ1 5={(X},J4—hm—1(xf))}{i1

| |

Linear Regression (LR)

”
-
N
()
/\‘

y = XB + €,

B = (X"™X)"'XTy

HELMHOLTZ



INPUT SELECTION METHODS

Random Forest (RF) Mutual Information (Ml)
X={X, X5... X1y } HE<) H(Y)
/EATUREBAG(N
X1, X5 Xm} X3, X5 Xam} X5, X5 XE}

H(X.Y)

I(X1;X;) = H(X;) + H(X;) — H(Xq,X3)

I(X;Y)=>0,IX;Y) =I1(Y;X)
\qVERAGING / ) ]

HOO = ) P@)I(x) == ) P(x))logy P(x)
=1 i=1
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1. MODEL DEVELOPMENT METHODS PERFORMANCE

2 al | | ) Input data
? 7 1 I ! Averages, min, and max of:
1.3 Asolar wind speed,
Aproton density,
AIMF B,

AIMF Bz over 0-3, 3-6, 6-9 hours.
over 1998-2017 from OMNIWeb.

-—-NN, val. .
NN, train. Tralning setup - |
~GB,val. | A5-fold cross-validation (CV) with
fgr tr?i”- i 10 repeats.
LR’t\r’aaih_ ) AData are first split into 35-day
s Persistence chunks sequential in time.
¢~ <Kp> - A Separately from that, test set is
. 5 5 left aside comprising 10%.

GF 24 Prediction horizon, hours HELMHOLTZ

eeeeeeeeeeeeeee



1. MODEL DEVELOPMENT METHODS PERFORMANCE

Neural Networks outperform other methods
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AIMF Bz over 0-3, 3-6, 6-9 hours.
over 1998-2017 from OMNIWeb.

-—-NN, val. .
NN, train. Tralning setup - |
~GB,val. | A5-fold cross-validation (CV) with
fgr tr?in- i 10 repeats.
LR’t\r’aaih_ ) AData are first split into 35-day
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2. INPUT SELECTION METHODS PERFORMANCE

Example of selected features
for horizon = 3 hours

RF: h =3 MI: h =3
B Zmin,0-3 BZmin,0-3
VSWmax,0-3 B max,0-3
VSWavg,0-3 Bmax,3-6
B max,0-3 BZmin,3-6
V' SWmin,0-3 Bmax,6-9
BZavg,0-3 Bmax,9-12
nPrOtmax,O-3 BZmin,6-9
VSWmin,3-6 Bmax,12-15
NProtavg,0-3 BZmin,0-12
VSWavg,3-6 Bmax,15-18
V' SWmin.6-9 VSWmax,0-3
Bavg,0-3 BZmin,12-15
(earlyl) y VSWavg,6-9 Bmax,18-21
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