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MHD
Kinetic
Specification

• 30 model settings: 3D MHD models; kinetic models; specification models.


• 4 storms: Aug 2001 (-40 nT), Oct 2003 (-353 nT), Aug 2005 (-131 nT), Dec 2006 (-139 nT)
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Neural networks
• Data …


• Data gaps (esp. hard for time-series).


• Division of datasets used for


• training,


• validation, and


• testing.


• Training set => parameter estimation


• Validation set => hyper-parameter search


• Test set => final estimate of performance
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A lot of other considerations:

Learning algorithm

Input parameters


Transformation of inputs

Network architecture



“Multilayer feedforward networks are universal approximators” (Hornik et al., 1989).6
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Dynamic NNs
• Time delays


• Recurrent connections


• More advanced: LSTM

Recurrent Neural Networks are universal approximators, Schäfer and Zimmermann, Int J Neural Syst. 
2007 Aug;17(4):253-63.
LSTM: A Search Space Odyssey, K. Greff and R. K. Srivastava and J. Koutník and B. R. Steunebrink and J. 
Schmidhuber, Transactions on neural networks and learning systems  28  2222-2232  (2017)12

F. Takens, Detecting strange attractors in turbulence, Springer, 1981. 
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Kp(t+3) = f(Bz(t), Bz(t-3), …, n(t), n(t-3), …, V(t), V(t-3), …)

3-hour averages



Derivation of Kp

Derivation, meaning, and use of geomagnetic indices, P. N. Mayaud, AGU, 22, 1980.

• Sensitivity to sub-3-hour variations. 
• High-pass filtered storm dynamics
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Performance in low-density state-
space
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Increasing Kp prediction 
lead time?
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http://lund.irf.se/forecast/kp2017/

Will be included at ESA SSA ESC-G



B, By, Bz, n, V, DOY, UT

Operational forecasts of 
the geomagnetic Dst 
index, H. Lundstedt and H. 
Gleisner and P. Wintoft

Geophysical Research 
Letters  29, 34-1–4, 2002.

B, Bz, n, V
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Semiannual variation of Dst
Semiannual variation of the 
geomagnetic Dst index: Evidence for a 
dominant nonstorm component, E. W. 
Cliver and Y. Kamide and A. G. Ling 
and N. Yokoyama, Journal of 
Geophysical Research  106  
21,297-21,304  (2001)
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Range of Dst from NN model

• Outputs from final hidden layer are limited to [-1,+1]. 
• Sum |weights| + bias => possible range of Dst.

[-650, 190] nT

75%: [-500, 140] nT

21



The solar wind electric field 
does not control the dayside 
reconnection rate, J. E. 
Borovsky and J. Birn, Journal 
of Geophysical Research: 
Space Physics  119  
751--760  (2014)
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Main Recovery

Echer, E., Gonzalez, W. D., Tsurutani, B. T. & 
Gonzalez, A. L. C. (2008), ‘Interplanetary 
conditions causing intense geomagnetic 
storms (Dst <-100 nT) during solar cycle 23 
(1996–2006)’, Journal of Geophysical 
Research 113, A05221.
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5,10,1 (71 weights)

5,10,10,1 (181 weights)
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NN hidden output
5 inputs, 10 hidden, 1 hidden, 4 recurrent, 1 output

Rquick
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Node 1

Node 2

Rquick sqrt(Pressure)25



Comparison of Dst forecast models for intense 
geomagnetic storms, E.-Y. Ji and Y.-J. Moon and N. 
Gopalswamy and D.-H. Lee, Journal of Geophysical 
Research  117  A03209  (2012)

Dst model for 1995–2002, M. Temerin and X. Li, 
Journal of Geophysical Research  111  A04221  
(2006)

“Biological NN”

Some events belong 
to the “training set”!!
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Interplanetary conditions causing intense geomagnetic storms (Dst $\leq$ -100 nT) 
during solar cycle 23 (1996–2006), E. Echer and W. D. Gonzalez and B. T. Tsurutani and 
A. L. C. Gonzalez, Journal of Geophysical Research  113  A05221  (2008)27



V Bs

Rquick

• Storms identified using 
MODWT filtering. 

• Determine storm 
minimum.
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f4: V Bs f8: Rquick
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nT/min

Geomagnetic substorms as perturbed 
self-organized critical dynamics of the 
magnetosphere, V. Uritsky and M. 
Pudovkin and A. Steen, Journal of 
Atmospheric and Solar-Terrestrial 
Physics  63  1415-1424  (2001)31

Extreme value analysis of the time derivative of the horizontal 
magnetic field and computed electric field, P. Wintoft and A. 
Viljanen and M. Wik, Annales Geophysicae  34  485--491  (2016)

Quantifying extreme behavior in geomagnetic activity, A. 
Thomson and E. B. Dawson and S. J. Reay, Space Weather, 9,  
S100001  (2011)

Solar wind driven empirical forecast models of the time derivative of the ground magnetic field, P. 
Wintoft and M. Wik and A. Viljanen, Journal of Space Weather and Space Climate  5  A7  (2015)



Related
• Support Vector Machines:


• Both classification and regression


• Global minima


• Support vectors drawn from training vectors


• Nonlinearity through transformation to higher-dimensional space, but the space need not 
to be known only that there exist a dot-product => kernel trick (e.g. RBF corresponds to 
an infinite-dimensional space)


• Example: Comparison of neural network and support vector machine methods for Kp 
forecasting, E.-Y. Ji and Y.-J. Moon and J. Park and J.-Y. Lee and D.-H. Lee, Journal of 
Geophysical Research  118  5109-5117  (2013)


• Nonlinear Auto-Regressive Moving Average with eXogenous inputs (NARMAX):


• A “library” of terms (e.g. polynomials or other functions) are ranked and combined 
including time lags.


• Will reveal a function that is more assessable for interpretation than SVM or NN.


• Example: Data derived NARMAX Dst model, R. J. Boynton and M. A. Balikhin and S. A. 
Billings and A. S. Sharma and O. A. Amariutei, Annales Geophysicae  29  965-971  (2011).
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Summary
• The selection of training, validation, and test data is important but can also 

be challenging:


• Data gaps (esp. hard for time-series).


• Division of data based on output distribution, but what about 
multidimensional inputs?


• Both NN and SVM will be limited by the range of the training data.


• Use them in their valid regimes.


• Is extrapolation improved by handling known non-linearities?


• Should simpler models be used at the extremes?


• How to determine extreme?

This project has received funding from the European Union's Horizon 2020 
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