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Coronal mass ejections and radio bursts

Type lils GBSRBS 20040824
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Coronal mass ejections and radio bursts
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* Type Il burst - CME-driven shock
* Type lll burst - Electron beams on open B-field

* Notoriously difficult to detect/classify
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Why do we need an automated detection algorithm!?

International LOFAR Telescope (ILT) * International LOFAR telescope

* Interferometer @10 - 240 MHz

» ~50 stations and counting

o

s T— * Each can produce ~3 Gb s-!
s | i * H2020 project; 8 European partners, lead by ASTRON.
* Upgrade LOFAR to observe heliosphere constantly

" Effelsberg

* Operate as a space weather instrument.

* We need automated data pipelines

www.lofardsw.eu
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ILOFAR and REALTA

* Data output
* 488 frequencies each at 5us sampling
* Records ~4 TB hr-!

* Type lll every |-10 seconds

e Can we detect them all?
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Training data - RSTN Observations

. Type Il
i | Sag. Hill x1000
/\

Type Il
x1000

* SWPC event lists from 1996 to present.

* Download data from Radio Solar

Telescope Network (RSTN)

No burst

* Had to be cleaned for RFl and background x1000

subtracted.
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Radio burst classification - Support Vector Machine

e Multi-class SVM

* Implement in Scikit-learn

Type Il
x1000
 Kernel: RBF
* Accuracy on test set of 300 images is ~82%
Type Il B =
x1000 =
=
g= 11
8 V
PE
No burst
x1000 = 1 0
>
No t;urst Typ'e | Type llI
True
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Radio burst classification - Inception-v3 CNN

il
Convolution
AvgPool
MaxPool
Concat
@» Dropout
@» Fully connected
@ Softmax
* Built by Google (Szegedy et al. 2015). * Results:
* Previous winner of the ImageNet competition  Trained on RSTN data

* Approx 50 epochs of training

. :as gwillic?ll;s of p?rameFers I ¥ * Achieves ~90% on RSTN test set (300 images)
eeds millions of training examples to avoi « Works well on ILOFAR!

underdetermination
e Solution;
* Transfer learning;
* Use pre-trained Inception model
* Only train the last fully-connected layer
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Radio burst classification - Inception CNN

=
o

* Trained on RSTN
e * Applied to I-LOFAR
* Can recognise:
* Type lll bursts

M&ww » Type Il bursts

o
S

Detection Probability
— =
N (o) (o 0]
L {

o
o

1.30 * No bursts (true negatives)

15.0
1. 25
25.0
* Does this only for the entire frame.
+ 1.20
35.0 e Can we located the bursts!?
=
= 45.0 L 1.15
> ‘»
. 7
5 23.0 (i
65.0
+ 1.05
75.0
1.00
85.0
A0
\,""9

Time (UT)

eoin.carley@dias.ie ML Heliophysics, Amsterdam, 20th-Sep-2019


mailto:eoin.carley@dias.ie

Radio burst classification - You Only Look Once (YOLO) v3
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Loss function= Acwer P > 157 (i — )% + (yi — :)° Box position
1=073=0
* One of fastest object detection and classification s2 B . —\ 2 | |
algorithms (Redmon et al. 2016). 4 "m'“gj;) 1 (v - Vi) + (‘/”'— - \/"_) Sox width/neight
2 B Ob ~
>3 )
* Loss function includes: +§)§0% (€ =€) Objectness
* Usual classification probability s2 B scores
.. : An ;57 (Ci — C;
* Parameters of correct box position, size T Awly §J§ ( )

* Object confidence scores

obj 2 Classification
+El 2. P =pi(e)” O probability

c Eclasses
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Radio burst classification - You Only Look Once (YOLO) v3

I-LOFAR YOLOvV3 type Ill detections, 2017-09-10

Frequency (MHz)

* Train on ~50,000 simulated type llls
* Supply box position, width, height
* Requires a GPU

* Evaluate on real data (ILOFAR)

* Initial results promising.
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Radio burst classification - You Only Look Once (YOLO) v3

I-LOFAR YOLOvV3 type Ill detections, 2017-09-10

Frequency (MHz)

Frequency (MHz)

* Train on ~50,000 simulated type llls
* Supply box position, width, height
* Requires a GPU

Time (UT)

* Evaluate on real data (ILOFAR)

* Initial results promising.
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Conclusions

I-LOFAR YOLOvV3 type Ill detections, 2017-09-10

* Instrument like LOFAR generate TB/hour

* Need to classify this data

Frequency (MH2)

* Machine learning has shown potential
* Support vector machine
* Inception-v3
* YOLO-v3

* Need to investigate other CNN architectures (all
suggestions welcome!)

Frequency (MHz)

* Will be implemented on ILOFAR and possibly L et
LOFAR4SW -ﬁ—';'.:i._ TR WA i, LA

eoin.carley@dias.ie ML Heliophysics, Amsterdam, 20th-Sep-2019


mailto:eoin.carley@dias.ie

Backups: Radio burst classification - You Only Look Once (YOLO) v3

I-LOFAR YOLOV3 type Ill detections, 2017-09-10

Frequency (MHz)

* ~50,000 simulated examples of each class
* Trained on NVIDIA Tesla K80

* ~| hour for | epoch of training

Frequency (MHz)

* Initial results promising

* Problem with heavily saturated radio bursts

Time (UT)
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Training data - RSTN Observations

* SWPC event lists from 1996 to present.
* Initially thousands of bursts
* Some mis-labelled

 Some with terrible RFI

* Had to be cleaned for RFl and background
subtracted.

* Downsampled to 50x50 pixels
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Radio Burst Detection and Classification: Existing methods

Lobzin et al. (2009)

: SE; Seray, MRy - Salman et al. (2018) * Hough transform, see:
180 ®- = = — i .
mz | e B * Type Il bursts: Lobzin et al. (2009,
g T | et 2010), Bonnin et al. (201 1) - ~84%
3 CRRCE |71 2111 e RS e e T accuracy
= MHz R et s b ' il S 1 W ] At
o | = I 1 —————— * Type Il bursts: Lobzin et al. (2010) -
: . 25 ! - t ~80% accuracy
1 1 MHz 8 9 » 1 12 9 14 s
- — 1 — . S S
T | Manual Type IV - * Herringbones: Carley et al. (2015)
§ ::”] J. l I [
c —~ : L
s il ) . . : - 4 - : '
g W | o “ g ,,J | ealiamment (4 .l N, G I - Constant false alarm rate (CRAF)
: = : o I el | s o TS [ PSS 5 A e ——— - .
k! P e = e s e T detection:
L= | 1es Iw | | —— .l'm
——| [ = e emoa | 7O * Type Il, lll, IV bursts: Salman et al.
[ ” = (2018) - ~70% accuracy
U')Ezoo - -
____________________________________ * Deep Learning (CNNs):
. W\Mm/\/ g YNV * Type Vs in GHz:Ma et al. (2017) -
00:20 00:23 00:26 ~82% accuracy
time, UT
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Coronal mass ejections and radio bursts

Observed mostly in white-light coronagraphs
* Speed of up to 3000 km s-!

* Mass of 1012kg

* Energy of 102

* Associated with a variety of radio bursts
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Coronal mass ejections and radio bursts
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* Type Il burst - CME-driven shock
* Type lll burst - Electron beams on open B-field

* Notoriously difficult to detect/classify
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Radio burst classification - Support Vector Machine

Table 1. Classification metrics for SVM on the RSTN

data set.

e Multi-class SVM

precision recall fl-score support

Type ll . .
x1000 No burst 0.80  0.82 0.81 100 * Implement in Scikit-learn
Type 11 0.75 0.89 0.82 100
Type 111 0.97 0.77 0.86 100
e Kernel: RBF
avg /total 0.84 0.83 0.83 300
* Accuracy on test set of 300
images is ~82%
Type Il §
x1000 o
=
©
@
S =
2%
a2
No burst
x1000 =
Q.
>
}_

No t;urst Typ'e | Type Il
True

eoin.carley@dias.ie ML Heliophysics, Amsterdam, 20th-Sep-2019


mailto:eoin.carley@dias.ie

ILOFAR and REALTA

* Real-time Transient Acquisition (REALTA) cluster:
* 488 frequencies each at 5us time sampling
* Records ~4TB hr-!

* Type lll every I-10 seconds

e Can we detect them all?
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Deep Learning; Convolutional neural networks - InceptionV3

TensorBoard SCALARS GRAPHS DISTRIBUTIONS HISTOGRAMS

Hreeent = A e e [[5) Q Filter tags (regular expressions supported)
Ignore outliers in chart scalin
accuracy.1
Tooltip sorting default ~
method:
accuracy_1
: 0.940
Smoothing .
o 0.85 0.920
0.900
Horizontal Axis 0.880 -+
STEP RELATIVE 0880 J
WALL 0000 1.000k 2000k 3000k 4.000k
S e
bl — -
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cross_entropy.1
Write a regex to filter runs

O train cross_entropy_1

(O validation 0.420 1
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0.340
0.300 +

0.260 +

0.220

0.180 +

0.000 1.000k 2000k 3.000k 4.000

e— -
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TOGGLE ALL RUNS

/tmp/retrain_logs final_retrain_ops



Deep Learning; Convolutional neural networks - InceptionV3

TensorBoard

SCALARS

Show data download links

Ignore outliers in chart scalin

Tooltip sorting

method: default ~

Smoothing

® - 085

Horizontal Axis

STEP RELATIVE

WALL

Runs
Write a regex to filter runs

() train
(O validation

TOGGLE ALL RUNS

/tmp/retrain_logs

GRAPHS

DISTRIBUTIONS

HISTOGRAMS

Q_ Filter tags (regular expressions supported)

accuracy.1
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0.000

-
‘ ’
-

cross_entropy.1

cross_entropy_1
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0.340 -
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0.220 |
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0.000
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-

final_retrain_ops
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final_retrain_ops/biases/summaries/histogram

-0.02 0.00

’k‘t

2 0.04

rna
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m

valldatlon
o 1000
2000
3000
-0.15 0.15 0.25




Deep Learning; Convolutional neural networks - CNNs
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