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Geomagnetic storms

Coronal Mass Ejections (CMEs) can eject billions of tons of coronal
material and carry an embedded magnetic field, frozen in flux, that is
stronger than the background solar wind interplanetary magnetic field
(IMF) strength.
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Geomagnetic storms

1989 Geomagnetic storm caused a nine-hour outage of Hydro-Québec's electricity transmission system

Scale | Description | Effect Physical Average Frequer‘lcy
measure (1 cycle = 11 years)

Extreme Power systems: Widespread voltage control problems and protective system problems can occur, some grid Kp=9 4 per cycle
systems may experience complete collapse or blackouts. Transformers may experience damage. (4 days per cycle)
Spacecraft operations: May experience extensive surface charging, problems with orientation, uplink/downlink
and tracking satellites.

Other systems: Pipeline currents can reach hundreds of amps, HF (high freguency) radio propagation may be
impossible in many areas for one to two days, satellite navigation may be degraded for days, low-frequency
radio navigation can be out for hours, and aurora has been seen as low as Florida and southern Texas (typically
40° geomagnetic lat.).

Severe Power systems: Possible widespread voltage control problems and some protective systems will mistakenly trip | Kp = 8, 100 per cycle
out key assets from the grid. including a | (60 days per cycle)
Spacecraft operations: May experience surface charging and tracking problems, corrections may be needed 9-
for orientation problems.

Other systems: Induced pipeline currents affect preventive measures, HF radio propagation sporadic, satellite
navigation degraded for hours, low-frequency radio navigation disrupted, and aurora has been seen as low as
Alabama and northern California (typically 45° geomagnetic lat.).

Strong Power systems: Voltage corrections may be required, false alarms triggered on some protection devices. Kp =7 200 per cycle
Spacecraft operations: Surface charging may occur on satellite components, drag may increase on low-Earth- (130 days per cycle)
orbit satellites, and corrections may be needed for crientation problems.

Other systems: Intermittent satellite navigation and low-frequency radio navigation problems may occur, HF
radio may be intermittent, and aurora has been seen as low as Illinois and Oregon (typically 50° geomagnetic
lat.).

G2 Moderate Power systems: High-latitude power systems may experience voltage alarms, long-duration storms may cause | Kp =6 600 per cycle
transformer damage. (360 days per cycle)
Spacecraft operations: Corrective actions to orientation may be required by ground control; possible changes
in drag affect orbit predictions,
Other systems: HF radio propagation can fade at higher latitudes, and aurora has been seen as low as New
York and Idaho (typically 55° geomagnetic lat.).

G1 Minor Power systems: Weak power grid fluctuations can occur. Kp=35 1700 per cycle
Spacecraft operations: Minor impact on satellite operations possible. (900 days per cycle)
Other systems: Migratory anmimals are affected at this and higher levels; aurcra is commeonly visible at high
latitudes (northern Michigan and Maine).

National Oceanic and Atmospheric Administration
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ML - definitions

Domain set: Label set:

X’ Usually, you have vectors x of features ‘y for example [0,1]

There is a “correct” labeling function f: X - Y

yi = f(x;) Vi

We want the machine to LEARN a PREDICTOR

Learner output: afunction/ h: X - Y
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ML - definitions

1
Training set: / S = ((x1,¥1), -, Xy, Yn)) ( ) What the learner can use to determine

Sequence of pairs X X Y the values of the predictor’s parameters

S elements extracted using D, a probability distribution over the domain set X

We define the error of a predictor rule h to be:

Lps(h) £ Pyplh(x) # f(x)] € D({x: h(x) # f(x)})
The probability of randomly choosing an example x for which h(x) # f(x)

The learner is blind to the underlying D and the function f
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Empirical Risk Minimization

Ly ¢ (h), the true error, is not directly available because we do not knowD and f

I TRAINING ERROR: error of the predictor on the training samples

Lo(h) & I{iE[N]:hAExi)iyl'}l

( EMPIRICAL RISK/ERROR
> HOW WE USE THE AVAILABLE DATA IS CRUCIAL

[N] = {1, ..., N}
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The Disturbance Storm Time Index

The Dst index is an index of magnetic activity derived from a network of near-equatorial geomagnetic

observatories that measures the intensity of the globally symmetrical equatorial electrojet.
Dst is maintained at NGDC and is available via FTP from 1957 to the present.
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ftp://ftp.ngdc.noaa.gov/STP/GEOMAGNETIC_DATA/INDICES/DST/
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DST and geomagnetic storms

25
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° 20 nT > DST > -50 nT — medium
~25 -50 nT = DST > -100 nT — high
~ DST < -100 nT — Intense
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Machine Learning for DST forecast

BT
A Input DST
Output BX, BY, BZ

FLOW_SPEED
/ PROTON_DENSITY
/ TEMPERATURE

\ / PRESSURE
ELECTRIC FIELD

PRESSURE = o * PROTON_DENSITY*FLOW_SPEED?
ELECTRIC = 3 * BZ * FLOW_SPEED
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Input — output of the model

12 points (hours) to forecast the next 12 points (hours)

tatatotsty
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Machine Learning for DST forecast
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LSTM cell

LSTM cell
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Dealing with time series and rare events

Periodicity and arrow of time. If data are periodic, it is safe to
train the model considering at least one complete period and test
it on different periods. being the arrow of time fixed and the future
unknown, the training operation that make use of points that follow
the data used in the test can introduce bias

Forecast of rare events (storms). Training supervised DL
model requires a balanced sampling of data referring to quiet
and storm periods and proper metrics to measure the
performances.
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Dataset preparation: solar activity
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Dataset preparation
Random sampling and reweighting
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DST

Persistence model
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Results

=300

—-400

Zﬁ'\rzl (ypred; - ytrue) ’

Adopted metric: RMSE =

oot 9° e ob s o o 50
N h ht i i data i i i i
Using the weighted dataset the performances

Performance on the full dataset on the storms improve

t+1h 152 147 |67 11 138 62 40 138 |60 t+1h |34 |34 |58 56 |41 |62 100 |99 |118 170 |182 | 236
t+2h 183 les |78 64 |55 |71 64 |54 lé6s t+2h |52 |47 |66 88 |67 |78 175 | 145 |13.8 314|286 |27.9
t+3h 102 |83 9.0 8.0 6.8 8.2 8.0 6.7 79 t+3h 6.3 5.6 7.5 11.0 |85 9.1 22.9 18.6 16.8 43.2 40.0 | 35.0
t+4h 1117 193 100 91 |76 |92 91 |75 |89 t+4h |70 |61 |85 125 197 | 104 274 [215 |18.4 541|498 |43.2
t+5h 1129 100 |10s 100 182 102 100 181 |99 t+5h |75 |64 |92 137 |10.5 |117 310|244 |209 638 |56.8 |46.6
t+6h 1139 107 l119 107 186 114 108 187 110 t+6h |79 |66 |102 149 111|130 343 269 |22.6 732|635 |504
t+7h 1149 114 |132 115 91  |126 115 92 |123 t+7h |82 |67 |112 159 |1L7 | 147 37.6 297 |241 814 |683 |53.8
t+sh 157 120 |147 21 |95 | 141 22 l97  |139 t+8h |85 |69 |127 168 |12.4 |163 405 |321 |255 879 |73.0 |56.8
t+9h 164 126 161 27 |99 155 128 101 |155 t+9%h |88 [7.0 |14.0 176 | 129 |17.7 429 |343 |274 934 |77.3 |60.1
t+ 10h 17.0 13.1 17.3 13.2 10.3 16.8 13.2 10.4 16.7 t + 10h 9.0 7.1 15.3 18.2 13.3 18.7 44.9 36.1 29.0 97.4 82.4 |64.6
t+11h 1176 136 |18.1 136 1107 174 136 1108 |174 t+11h |92 |72 |159 189 |13.7 | 194 467 |37.8 |30.6 100.7 |86.7 |69.9
t+12h 18.1 14.1 18.4 14.0 10.9 17.4 140 |11.0 17.6 t+ 12h 9.4 7.3 159 19.5 | 14.0 19.9 48.1 393 31.8 1034 1904 |73.8
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Persistence by Dynamic Time Warping -
s - t
Forecast Time shift
horizon
Oh 1h 2h 3h 4 h 5h 6 h
t+1h 0.003 0.997 0.0 0.0 0.0 0.0 0.0 ‘ L
t+2h 0.003 0.003 0.994 0.0 0.0 0.0 0.0 ' t
t+ Sh 0004 0003 0003 0.991 OO OO OO Ela(tshugi;\L(:})(Shmggys;i{n:::Zi:s;gz;«?r;;;ﬂc::z}pﬂ:.“(fo) ililrurllsetrsaet:;the cumulative distance matrix, together with a warping window w and the ideal warping
t+4h 0003 0003 0.003 0.003 0.988 0.0 0.0 Dynamic Time Warping as a New Evaluation for Dst Forecast With Machine Learning,
t+5h 0.004 0.003 0.003 0.003 0.0038 0.984 0.0 B. Laperre, J.A. and G. Lapenta, Front. Astron. Space Sci., 22 July 2020
t+6h 0.004 0.003 0.003 0.003 0.003 0.003 0.981
Persistent
Oh 1h 2h 3h 4h 5h 6 h Oh 1h 2h 3h 4h 5h 6h

t+ lh 0.37 |10.37 |0.12 |0.07 |0.05 |0.01 0.01 t+ 1h 0.34 |0.21 |0.14 |0.08 |0.11 0.08 |0.05

t+2h 0.15 0.31 0.33 | 0.13 0.04 0.02 0.02 t + 2h 0.17 0.19 |10.27 |[0.12 0.09 0.07 0.09

t + 3h 0.08 0.14 |0.25 |0.31 |0.11 0.07 0.04 t+ 3h 0.13 0.13 |0.23 0.17 | 0.15 0.12 0.08

t + 4h 0.08 0.08 0.15 0.22 0.26 |[0.13 0.08 t +4h 0.18 | 0.10 |[0.15 0.18 | 0.18 | 0.14 0.07

t + 5h 0.07 | 0.09 0.05 0.13 0.24 |0.26 |0.15 t + 5h 0.19 0.08 |0.09 0.12 0.20 | 0.19 0.13

t 4+ 6h 0.11 0.11 0.07 0.11 0.12 0.22 [0.27 t + 6h 0.23 | 0.07 |0.15 0.04 0.11 0.23 | 0.17

Nominal Weighted
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Confusion matrix
Full dataset

Predicted class

True class

-20>dst>-50
-50>dst>-100

<
o
A
4
@
o

0.97 0.03 0.00
61842) IRLY)

0.14 0.84 0.02

20dst>-50  (4533)  EEINIR)

0.00 0.18
-50>dst>-100 3) (244)
0.00 0.01 0.22
9100 o) (1 (33)

persistence t + 1

0.06 0.00

dat>-20 (4113) 1)

0.62 0.06

~202dsP>50 (7340) IR

0.15 0.32

-50>dst>-100 (209) (447) 949

(621)

0.17 0.19 0.35

dst<-100 28) (50)

persistence t + 6

0.08 0.00

tst=-20 (5280)  (45)

0.52 0.08

~2ideba50 ©179) ERCD)

033 0.31 0.28
-50>dst>-100 R (439) (392)

0.51 0.21 0.20
(72) (30) (28)

dst<-100

persistence t + 12

dst<-100

0.00

(0)

0.00

(0)

0.02
(34)

0.77
(115)

0.00

(0)

0.00
(4)

0.07

(103)

0.29
(42)

0.00
(@)

0.00

(37)

0.07

(99)

0.08
(1)

-20>dst>-50
-50>dst>-100

0.98
(62054)

0.88
(10516)

nominal t+1

0.97 0.03 0.00
(AEEW (2168) (13)

0.37 0.62 0.01
(4343) (7431) (118)
0.09 0.56 0.34
(121) (776) (469)

0.09 0.19 0.58
(13) (27) (84)

nominal t + 6

0.96 0.04 0.00
(RGN  (2252) (10)

0.47 0.52 0.01
(5556) (99)
0.29 0.53 0.18
(401) (253)

0.35 0.37 0.28
(49) (52) (39)

nominal t + 12

0.00
(0)

0.00
@

0.01
(14)

0.14
(20)

0.00
(0)

0.00
@

0.00
(2)

0.01
(1)

0.95
(60131)

()

0.00
(0)

0.87
(55532)

0.20
(2322)

0.04
(57)

0.03
“)

0.80
(50583)

(2294)

0.14
(189)

0.13
(18)

-20>dst>-50
-50>dst>-100

0.05 0.00
(3328) 3)

0.24
(326)

0.00 0.36
(0) (53)
weightt + 1
0.12 0.00
(7699) (272)
0.72 0.08

GOl  (911)

0’32
@39) IR
0‘15
(1) )

weight t + 6
0.19 0.01
(11811) (949)
0.69 0.10

PO  (1174)

0.42 041
0.30 047
(43) (66)

weight t + 12

dst<-100

0.00
)

0.03

0.00
(15)

0.00
(39)

0.05
(73)

0.33
(48)

0.00
(281)

0.02
(177)

0.03
(40)

0.10
(14)
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Confusion matrix
Data with input

DST > -50nT

True class

Predicted class

-20>dst>-50
-50>dst>-100

0.05 0.00
(3073) ()

0.69 0.00
(6747) (0)
0.78 0.00
(243) )

0.64 0.00
() (0)

dst>-20

-20>dst>-50

-50>dst>-100

dst<-100

persistence t + 3

0.06 0.00

dst>-20 am) o
-20>dst>-50 oig())
-50>dst>-100 ?2'3§> Oig())
dst<-100 Oig())

persistence t + 6

dst>-20 [ 0.08 0.00

Lz )W  (4926) (0)

-20>dst>-50 . Otg?
-50>dst>-100 . Oig()J
dst<-100 ?2288) Oig?

persistence t + 12

0.00
()

0.00
(0)

0.00
(0)

0.00
(©)

0.00
(0)

0.00
(0)

0.00
(0)

0.00
()

o
8 =
A 4
8 2 3
A A A
4 § g
0.00
(6)
0.00
(23)
0.75 0.17
(231) (54)
0.57 0.29
(8) 4)
nominal t + 3
0.97 0.03 0.00
(61269) (2000) (10)
0.55 0.00
(5296) (24)
0.24 0.65 0.1
(121) (325) (54)
0.27 0.27
(13) (13)
nominal t + 6
0.97 0.03 0.00
(61266) (1894) 9)
0.00
(35)
0.05
(41)
0.09
(9)

nominal t + 12

dst<-100

0.00
(O]

0.00
(0)

0.00
(0)

0.00
(0)

0.00
(0)

0.04
O]

0.00
(0)

0.00
(0)

0.00
)

0.01
©)

o
o
A
4
@
bl

0.92
(58207)

0.07
(1)

0.80
(50577)

0.24
(2291)

0.24
(189)

0.18
(18)

-20>dst>-50
-50>dst>-100

0.00
(26)

0.02
(199)

0.33
(103)

0.50
(7)
weightt + 3
0.12 0.00

(7498) (255)

weight t + 6
0.18 0.01
(11444)  (881)
0.67 0.07

(6343)

0.49
(381)

weightt + 12

dst<-100

0.00
M

0.00
Mm

0.01
4

0.07
M

0.00
(15)

0.00
(28)

0.04
(21)

0.10
®)

0.00
(267)

0.02
(142)

0.03
)

0.08
(8)
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Confusion matrix
Data with input

DST > -20nT

True class

Predicted class

o
o
4

73
bl

dst>-20

-20>dst>-50

-50>dst>-100

dst<-100

dst>-20

-20>dst>-50

-50>dst>-100

dst<-100

dst>-20

-20>dst>-50

-50>dst>-100

dst<-100

20>dst>-50
-50>dst>-100

0.00 0.00
(0) ()
0.00 0.00
(0) (0)
0.00 0.00
() (0)
0.00 0.00
() (0)

persistence t + 3

0.00 0.00
() (0)
0.00 0.00
() (0)
0.00 0.00
() (©)
0.00 0.00
() (0)

persistence t + 6

0.00 0.00
(0) (0)
0.00 0.00
(0) (0)
0.00 0.00
() (©)
0.00 0.00
() (©)

persistence t + 12

dst<-100

0.00

0.00
(0)

0.00
(0)

0.00
(0)

0.00
(0)

0.00
(0)

0.00
(0)

0.00
()

0.00
(0)

o
&
A
4
72}
G

1.00
(51357)

1.00
(50646)

0.70
(44)

20>dst>-50
-50>dst>-100

0.00
@)

0.00
(1)

0.12
(6)

0.60 0.00
®) ©)

nominal t+ 3

0.00 0.00
(159) ®)
0.10 0.00
(194) ®)
0.35 0.08
(57) (13)
0.40 0.10
® @)

nominal t + 6

0.00 0.00
(178) @)
0.09 0.00
(228) (10)
0.18 0.03
(68) (13)
0.27 0.03
(17) (2)

nominal t + 12

dst<-100

0.00

0.00
()

0.00
(0)

0.00
(0)

0.00
()

0.00
©

0.00
(0)

0.00
()

0.98

(50597)

0.69

(954)

0.32
(16)

0.20
(™

0.33
(54)

0.29
(18)

20>dst>-50
-50>dst>-100

0.02 0.00
(894) 7)

0.29 0.02
(404) (22)

0.16

(8)

0.80 0.00

(4) )
weightt+ 3

0.04 0.00

(1824) (110)

0.30 0.03
(583) (65)
0.39 0.24
(65) (40)

0.65 0.15
(13) (©)

weight t + 6

0.07 0.01
(3575) (386)

0.29 0.08
(765) (204)

0.29 0.22
(108) (82)
0.33 0.33
(21) (21)

weight t + 12

dst<-100

0.00

0.00
(©)

0.02
()

0.00
()

0.00
@)

0.01
(17)

0.04

0.10
@)

0.00
(114)

0.01
(35)

0.02
©)

0.05
@)
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Thank you

@ ALPACA Workshop 22-11-2023 deepPp




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21

