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What do we do

Previously we demonstrated a wavelet-based approach for automated solar feature recognition. We have
since developed a set of (CNN) models which uses Wavetrack outputs as ground truth. Our initial model
performance was shown on a set of SDO AIA instrument data performing segmentation of EUV and shock
waves. In this work, we extend our approach for algorithmic and data-driven segmentation of on-disk solar
features (prominences and filaments) using data from ground based-instruments.
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Mauna-Loa AIA LASCO
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_ ) Observatory
Global Objective:
Develop methodologies and design robust software for multi-instrument solar 1 4 | | @
eruptive feature recognition and tracking for remote and in-situ instruments | ' !
data.
Current Research : e — =
Adopt our wavelet and data-driven image segmentation techniques for ground- Stepanyuk O., Kozarev K "Multi-Instrument
based optical instrument data (K-Cor, Kanzelhhe, Belogradchik, and Rozhen Tracking and Observations of a Coronal Mass

Ejection Front From Low to Middle Corona".
Observatory data) JSWC (2024)
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Abstract

Context. Shock waves are excited by coronal mass
ejections (CMEs) and large-scale extreme-ultraviolet

(EUV) wave fronts and can result in low-frequency



Segmentation and Tracking, previous results. SDO AIA segmentation performance

Under Review

10-05-2022 Shock in the Low Corona

masks (softmax) Filament on disk / on limb recognition (we previously studied in Rigney at al, A&A L7
(2024))

2011-06-07. AIA 193 A. CBF evolution. Probabilistic 29-09-2013/11-05-2011

Models testing by comaring with validation sets according to IoU and Dice metrics: ToU = :j 8 ?: Die= Eﬁfé ||

https://gitlab.com/iahelio/helios_cnn/

https://zenodo.org/record/13147358
Pre-trained models for segmentation and tracking of Coronal Bright Fronts from SDO AIA Base Difference images
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Filament tracking
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Gigantic filament: Tracking of the September 29, 2013 event
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The Method: Hybrid algorithmic / data driven approach. Emphasis on the training data quality

Our approach to the solution:

* Hybrid algorithmic — data driven approach.
Focus on the training data quality

[ Instrument Data ]

!

A-Trois Wavelet

* Wavetrack - a generalized wavelet based
object-oriented framework for solar

° Wavetrack eruptive feature detection and feature velocity
BD/RD/RAW @ CBF Mask field estimation. About to release version 2.
[ independentTest | | Training set ] [ Validation set ] * We apply Wavetrack to sets of events to

[ Angmentaiion ] generate training sets when ground truth

Synthetic Data data/masks do not present (K-Cor)
ﬁ * We perform data augmentation and use
H t G ted CNN LR
yperparameler | qummmml | Ccnerated O extended datasets as training sets
ﬁ * We explore velocity estimation approaches

alternative to FLCT

EreTe p—




The Method: Hybrid algorithmic / data driven approach. Emphasis on the training data quality

Image Processing stages with Wavetrack software

Wavelet _
Coefficient 0 Wavelet Scale j-1
costice -
o . Wavelet Scal
Coefficient “j-1" . avelel Scae |
Wavelet Wavelet Scale j+1
’ Coefficient ‘"

T Weighed Reconstructed .
Wavelet P scales image
Coefficient “j+1" N Pathway b
Wavelet » -
Coefficient “j+.." Reference Scale

BD/RD/RAW I CBF Mask a trous wavelet decomposition

Pathway a

[ Instrument Data J

!

A-Trois Wavelet
Wavetrack

Independent Test - o
[ Data ]( Training Set ]{ Validation set ]

Augmentation 1
Synthetic Data

l Base Difference Wavelet coeff 2

Wavelet coeff 5

Hyperparameter Generated CNN
Search ~ architecture

l Base Difference Wavelet Scale 2 Wavelet Scale 5
- - Object condition for a structure:
m m m m
wj = u_.'j_ 1 u_.rl i - u..rj 41

Stepanyuk et. al. J. Space Weather and Space Climate, 2022



Training data (limb) : Wavetrack feature masks (K-Cor),
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Training data (disk) Kanzelhohe H-alpha (normalized)




Data Driven Image Segmentation: our approach

Evolution of image segmentation approaches
LeNet, AlexNet, VGG
GoogLeNet, Inception V3, Inception V5

Hyperparameter search Network architecture

 Instrument specific networks (U-NET Based CNNs)

* Network ensembles

e Each model with it’s own parameters (filters, depth, layers,
pooling(reducing/keeping spacial resoliton) at the bottleneck, etc),

* Depending depending on the type of data and studied phenomena
(filaments, CBF’s, etc)
+

* Engineering diverse training sets

* Geometrical and DR/Intensity data augmentation

* [terative learning of the (non-linear) mapping between BD/RAW
images and Wavetrack-obtained masks. Training till “target”
performance

I

> > > >
I =» conv 3x3, BN, ReLU

— —» —» —» concatenate
' max-poal 2x2

— — = transposed conv 2x2
—» conv 1x1

U-net architecture. Each blue box corresponds to a multi-channel feature map. The
number of channels is denoted on top of the box. The x-y-size is provided at the
lower left edge of the box. White boxes represent copied feature maps. Ronneberger
O, et. al (2015). Image Segmentation". ArXiv:1505.0459

U-NET as an image-to-image transformation architecture. It conveys information from
early, high-resolution levels to later levels. The ’shortcut’ allows the network to utilize
detailed features of the original image, as well as capture higher-level semantics from
the deep layers

Advantages:
Connections that bridge the encoder and decoder paths. (preserving the finer details)
Relatively fewer parameters compared to other similar architectures.



Data Driven Image Segmentation: our approach (automation, object-oriented)

jet =t generalize y{self, n ch, patch height, patch width, depth, start filters,
filter size, use batch norm, use dropout, dropout rate=e.2):
inputs = I (shape=(n ch, patch height, patch width))
# Downsampling path
conv_blocks = []
current layer = inputs
for i in =(depth):
filters = start filters * (2 ** i)
conv = (filters, (filter size, filter size), activation='relu', padding='same', data
if use batch norm:
conv = . (axis=1)(conv) # Note axis=1 for channels first
conv = (filters, (filter size, filter size), activation='relu', padding='same', data
if use batch norm:
conv = Bat lization(axis=1) (conv) Note axis=1 for channels first
conv_blocks (conv)

if i < depth - 1: # No

current layer = 0oling2D{pool size=(2, 2 at="channels first')({conv)
if use dropout:
current layer =

current layer = conv # At the bottleneck

r i in reversed( e(depth - 1)):
filters = start filters * (2 i)
up = . (size=(2, 2), data format='channels first')(current layer)

up = ' ([conv _blocks[i], up]l, axis= # Ensure the channel axis is correct for ¢

if use dropout:
up = 'fdepUUt ratE]fupJ

conv = (filters, (filter_size, filter_size), activation='relu', padding='same', data
if use batch norm:

conv = . (axis=1)(conv) # Note axis=1 for channels first
conv = (filters, (filter size, filter size), activation='relu', padding='same', data
if use batch norm:




Trainset Engineering. Synthetic data (Concept)

Data Augmentation

Patches Geometrical / intensity



Hyperparameter search, SDO AIA + synthetic data (larger model)

ot L+ TnoutLs | input: \[(None, 1,264, 264)]\
P PUERAYEr [ utput: | [(None, 1, 264, 26)] |

2. G 2D| input: | (None, 1, 264, 264) |
e BomvE Noutput: | (None, 64, 264, 264) |

[ input: | (None, 64, 264, 264) |
| output: \ (None, 64, 264, 264) \

batch_normalization: BatchNormalization

\ input: \(None, 64, 264, 264) |

conv2d_1: Conv2D
= | output: | (None, 64, 264, 264) |

input: | (None, 64, 264, 264
batch normalization_1: BatchNormalization [[input: [ (None )|
[ output: | (None, 64, 264, 264) |

[ input: [ (None, 64, 264, 264) |

ling2d: MaxPooling2D
e Pooingsd: Maxtoomng® ["output: | (None, 64, 132, 132) |

\ input: \(None, 64, 132, 132) |

dropout: Dropout
| output: | (None, 64, 132,132) |

[ input: | (None, 64,132, 132) |

conv2d_2: Conv2D
- | output: [ (None, 128, 132,132) |

[ input: [ (None, 128, 132, 132) |
| output: \ (None, 128, 132, 132) \

batch_normalization_2: BatchNormalization

conv2d 3: ConvD | input: \ (None, 128, 132, 132) \
= | output: | (None, 128, 132, 132) |

input: | (None, 128, 132, 132
batch normalization_3: BatchNormalization | 7Pt _| (None )]
[ output: | (None, 128, 132, 132) |

[ input: | (None, 128, 132, 132) |

ling2d_1: MaxPooling2D
exPooinge T Maxtoomng® [Noutput: | (None, 128, 66, 66) |

input: | (None, 128, 66, 66)
dropout_1: Dropout
output: | (None, 128, 66, 66)

input: | (None, 128, 66, 66)
output: | (None, 256, 66, 66)

)

conv2d_4: Conv2D

[ input: [ (None, 256, 66, 66) |
| output: \ (None, 256, 66, 66) \

batch_normalization_4: BatchNormalization

input: | (None, 256, 66, 66)

conv2d_5: Conv2D
- output: | (None, 256, 66, 66)

[inmut- [ (None 256 66 66 |

e il R e A Il |

output: | (None, 256, 66, 66) |

batch_normalization_5: BatchNormalization i

[ input: | (None, 256, 66, 66) |

ling2d_2: MaxPooling2D
e Poctngae e MaxTeomn9" [output: | (None, 256, 33, 33) |

\ input: ‘(None, 256, 33, 33) |

dropout_2: Dropout
ropoul.t: Propott [Sutput: | (None, 256, 33, 33) |

[ input: | (None, 256, 33, 33) |

conv2d_6: Conv2D
- | output: | (None, 512, 33, 33) |

[ input: | (None, 512, 33, 33) |
[ output: | (None, 512,33, 33) |

batch_normalization_6: BatchNormalization

24 7: Comy2D | input: \ (None, 512, 33, 33) \
comvaes o Moutput: | (Nene, 512, 33, 33) |

input: | (None, 512, 33, 33
batch normalization 7: BatchNormalization | % | (None )|
[ output: | (None, 512, 33, 33) |

[ input: [ (None, 512, 33, 33) |
\ output: \ (None, 512, 66, 66) |

up_sampling2d: U ling2D

oncatonato: Concatonato | input: \ [(None, 256, 66, 66), (None, 512, 66, 66)] \
: [ output: | (None, 768, 66, 66) |

}

[ input: | (None, 768, 66, 66) |
dropout_3: Dropout
= [ output: | (None, 768, 66, 66) |

[ input: [ (None, 768, 66, 66) |
\ output: | (None, 256, 66, 66) \

conv2d_8: Conv2D

input: | (None, 256, 66, 66
batch normalization 8: BatchNormalization [ tmput: [ ¢ )|
| output: | (None, 256, 66, 66) |

[ input: [ (None, 256, 66, 66) |

conv2d_9: Conv2D
- [ output: | (None, 256, 66, 66) |

[ input: | (None, 256, 66, 66) |
\ output: | (None, 256, 66, 66) \

‘ batch_normalization_9: BatchNormalization

| input: \ (None, 256, 66, 66) \
up_sampling2d_1: UpSampling2D
[ output: [ (None, 256, 132, 132) |

oncatonato 1: Concatonato [ input: [ [(None, 128, 132, 132), (None, 256, 132, 132)] |
- [ output: | (None, 384, 132, 132) |

[ input: [ (None, 384, 132, 132) |
| p——

‘ dropout_4: Dropout

l | uLpuL: | UNOBE, 04, 134, 134) |

conv2d 10 Conv2D | input: \ (None, 384, 132, 132) \
- | output: | (None, 128, 132, 132) |

input: | (None, 128, 132, 132
batch normalization_10: BatchNormalization [[input: [ (None )|
| output: [ (None, 128, 132, 132) |

[ input: [ (None, 128, 132, 132) |

conv2d_11: Conv2D
= \ output: | (None, 128, 132, 132) \

input: | (None, 128, 132, 132
batch normalization 11: BatchNormalization [ imput: [( )|
| output: | (None, 128,132, 132) |

] ] [ input: | (None, 128, 132,132) |
up_sampling2d_2: UpSampling2D
| output: [ (None, 128, 264, 264) |

concatonate 2: Concatonat [ input: [ [(None, 64, 264, 264), (None, 128, 264, 264)] |
- | output: \ (None, 192, 264, 264) \

| input: \(None, 192, 264, 264) \
dropout_5: Dropout
| output: | (None, 192, 264, 264) |

[ input: | (None, 192, 264, 264) |
| output: [ (None, 64, 264, 264) |

l

batch_normalization_12: BatchNormalization

]

24 13 Conv2D \ input: | (None, 64, 264, 264) \
e TR M output: | (None, 64, 264, 264) |

}

. [ input: | (None, 64, 264, 264) |
batch_normalization_13: BatchNormalization
- - | output: | (None, 64, 264, 264) |

conv2d_12: Conv2D

[ input: [ (None, 64, 264, 264) |
\ output: | (None, 64, 264, 264) \

[ input: [ (None, 64, 264, 264) |
‘output: | (None, 2, 264, 264) \

conv2d_14: Conv2D

input: | (None, 2, 264, 264)

batch_normalization_14: BatchNormalization
output: | (None, 2, 264, 264)

[ input: | (None, 2, 264, 264) |
| output: [ (None, 2, 69696) |

reshape: Rest

input: | (None, 2, 69696)

permute: Permute
output: | (None, 69696, 2)

input: | (None, 69696, 2)
activation: Activation
output: | (None, 69696, 2)




Hyperparameter search, Kanzelhohe observatory data (smaller model)

h
[(None, 64, 132, 264), (None, 256, 132, 264)]

(None, 320, 132, 264)

input: | [(None, 1, 264, 264)]

[(None, 1, 264, 264)] output:

! \

input:

input_1: InputLayer

concatenate: Concatenate

output:

Preliminary models show

2d: Conv2D input: (None, 1, 264, 264) 2d 6. C 2D input: | (None, 320, 132, 264)
conv. z onv. conv. N ONV.
output: | (Nons, 32, 264, 264) - output: | (None, 64, 132, 264) Ave rag el O U O 7 6
dropout: Dropout input: | (None, 32, 264, 264) input: | (None, 64, 132, 264) On the Val Idatlon Set
POt PHOPOM I sutput: | (None, 32, 264, 264) dropout 3: Dropout 1= N one, 64, 132, 264)
i t: Ni 32, 264, 264 i & R
conv2d 1: ConvaD |Put: | (None, 32, 264, 264) comvad 7 ComyaD | 12Put: | (None, 64, 132, 264)
- output: | (None, 32, 264, 264) = output: | (None, 64, 132, 264)
i t: N 32, 264, 264 l -
max_pooling2d: MaxPooling2D e (None, 32, 4 ) up_sampling2d_1: UpSampling2D input: | (None, 64, 132, 264)
l output: | (None, 16, 132, 264) - - output: | (Nome, 128, 264, 264)
input: | (None, 16, 132, 264 \
conv2d 2: Cony2p | 2Put: | Mone, 16,132, 264) input: | [(None, 32, 264, 264), (None, 128, 264, 264)]
output: | (None, 64, 132, 264) concatenate_1: Concatenate
l output: (None, 160, 264, 264)
a £ 1.D " input: | (None, 64, 132, 264) - l
ropout_1: Dropou output: | (None, 64, 132, 260) conv2d 8: Conv2D input: | (None, 160, 264, 264)
l - output: | (None, 32, 264, 264)
24 3. C 2D input: | (None, 64, 132, 264) l
conv. : onv. 3 .
- output: | (None, 64, 132, 264) dropout 4: Dropout |Put: | (Nome, 32, 264, 264)
output: | (None, 32, 264, 264)
ling2d 1 MaxPooling2D input: | (None, 64, 132, 264) l
ar_poolngac s Mareotmg St I output: | (None, 32, 66, 264) convad 9: ConvaD | PUE | (None, 32, 264, 264)
l - output: | (None, 32, 264, 264)
2d 4. C 2D input: (None, 32, 66, 264) l
CONV. N OV,
- tput: | (N 128, 66, 264 i t: N , 32, 264, 264
output: | (None, L ) conv2d_10: Conv2D by (None )
l output: | (None, 2, 264, 264)
input: | (None, 128, 66, 264) l
dropout_2: Dropout -
output: | (None, 128, 66, 264) input: | (None, 2, 264, 264)
reshape: Reshape
l output: | (None, 2, 69696)
input: | (None, 128, 66, 264) l
convad_5: Conv2D
output: | (None, 128, 66, 264) input: | (None, 2, 69696)
permute: Permute
output: | (None, 69696, 2)
input: (None, 128, 66, 264) l
up_sampling2d: UpSampling2D
output: | (None, 256, 132, 264) o o input: | (None, 69696, 2)
activation: Activation

output: | (None, 69696, 2)




Hyperparameter search, Kanzelhohe observatory data (smaller model)

Preliminary models show
Average IOU 0.76
On the validation set




Ongoing work

* More precise hyperparameter fine-tuning for each type of the
instrument / feature

* Improving each model performance by training on larger sets,
with strong emphasis on the training data quality

* Validation on independent event data (...as previously done with
SDO AIA data)

* Case studies (prominences, filament eruptions)
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