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Key Points:

« We automatically detect, cluster, and classify sunspots using ground-based white
light observations and deep learning methods.

¢ Our method achieves comparable results to those obtained in the literature on space-
based continuum and magnetogram observations.

« Ensembles of classifiers are effective in discriminating reliable and likely erroneous
predictions on the sunspot classification.
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Abstract

We propose a fully automated system to detect, aggregate, and classify sunspot groups
according to the McIntosh scheme using ground-based white light (WL) observations from
the USET facility located at the Royal Observatory of Belgium. The sunspot detection
uses a Convolutional Neural Network (CNN), trained from segmentation maps obtained
with an unsupervised method based on mathematical morphology and image threshold-

ing. Given the sunspot mask, a mean-shift algorithm is used to aggregate individual sunspots

into sunspot groups. This algorithm accounts for the area of each sunspot as well as for
prior knowledge regarding the shape of sunspot group. A sunspot group, defined by its
bounding box and location on the Sun, is finally fed into a CNN multitask classifier. The
latter predicts the three components Z, p, and ¢ in the McIntosh classification scheme.
The tasks are organized hierarchically to mimic the dependency of the second (p) and
third (¢) components on the first (Z). The resulting CNN-based segmentation is more
accurate than classical unsupervised methods, with an enhancement up to 16% of F1 score
in detection of the smallest sunspots, and it is robust to the presence of clouds. The au-
tomated clustering method was able to separate groups with an accuracy of 80%, when
compared to hand-made USET sunspot group catalog. The CNN-based sunspot clas-
sifier shows comparable performances to methods using continuum as well as magnetogram
images recorded by instruments on space mission. We also show that an ensemble of clas-
sifiers allows differentiating reliable and potentially incorrect predictions.

Plain Language Summary

Solar activity has long been measured by the number of dark spots, called sunspots,
appearing on the Sun’s surface and visible from the Earth. Sunspots may be grouped
and classified according to a McIntosh classification scheme which describes the sunspot
surface structure. This is mostly done manually, which may result in inconsistencies. We
use images obtained from the white light telescope of the USET facility at the Royal Ob-
servatory of Belgium to automatically detect, group, and classify sunspots. We use Con-
volutional Neural Networks (CNNs) for the tasks of segmentation and classification, and
an algorithm, called ‘meanshift’ to cluster the sunspots into groups. Even though the
USET ground-based images are noisy, and moreover the training data set used for seg-
mentation may be prone to noise, our CNN-based segmentation is more accurate than
classical unsupervised methods and is robust to the presence of clouds. When compared
to the hand-made USET sunspot group catalog, our automated clustering method was
able to separate groups with an accuracy of 80%. Finally, while our sunspot classifier
is based only on images recorded by a ground-based instrument, it shows comparable
performances to methods using continuum as well as magnetogram images recorded by
instruments on space missions.

1 Introduction

Sunspots are dark spots appearing in groups on the surface of the Sun as a man-
ifestation of the solar magnetic activity. The intense magnetic fields embedded within
sunspots inhibit convection, cooling the corresponding surface regions. Corresponding
areas on the solar surface where temperature has been reduced as compared to their sur-
roundings thus appear as dark spots when viewed in the visible continuum spectrum,
also known as White Light (WL). This enhanced magnetic field is the driving force be-
hind the solar variability that influences the space environment of the Earth on a day-
to-day basis. Its evolution may lead to magnetic reconnection and subsequent energy re-
lease. The stored magnetic energy is then rapidly converted to thermal and kinetic en-

ergy, as well as to non-thermal acceleration of particles (Phillips, 1991; Priest & Forbes, 2002).

Solar flares, or coronal mass ejections (CMEs) when material is ejected, are understood
to be caused by this magnetic reconnection process. Studying sunspot evolution on a long-
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term basis is also a keystone to several areas of Solar Physics, from helioseismology to
solar irradiance modelling, which is directly linked to the evolution of the Earth Climate (Owens,

2013).

The morphology of sunspots is correlated with solar flare occurrence and has there-
fore received a lot of attention since the end of the 19th century. A classification scheme
describing the sunspot magnetic complexity was established by Hale et al., 1919 and
is known as the Mount Wilson classification scheme. It groups sunspots into four main
classes based on their magnetic structure, that is, on the relative locations and sizes of
concentrations of opposite polarity magnetic flux. The first three classes describe the over-
all mixing of magnetic polarities in sunspot groups: « (unipolar); 8 (bipolar); and v (mul-
tipolar), whereas the fourth one, known as the d—configuration, was introduced later on
to include close (< 2°) mixing of umbral magnetic polarities within one penumbra (Kiinzel, 1960).
Studies have shown that groups that lead to greater magnetic complexity (e.g. 80 con-
figuration) and larger sunspot area produce flares of greater magnitude at some point

in their lifetime (Sammis et al., 2000).

In a similar manner, a classification scheme describing the WL structure of sunspot
groups was developed, originally by Cortie, 1901, and later on modified and expanded
to include a wider range of parameters (Kiepenheuer, 1953; McIntosh, 1990). Currently
this is referred to as the McIntosh scheme, which consists of three components [Zpc]:

e 7: the modified Zurich class, which includes classes from A to H describing the lon-
gitudinal extent of the sunspot group. These classes were defined to characterize
the process of development and decay of sunspot groups.

 p: the penumbral class, describing the size/symmetry of the largest sunspot’s penum-

bra;

« c: the compactness class, describing the distribution of spots inside a group.

Statistical studies have shown that sunspot groups with higher McIntosh structural
complexity classes (corresponding to larger longitudinal extent, large and asymmetric
penumbrae, and more internal spots) produced higher flaring rates overall.

The McIntosh scheme is therefore at the basis of several flare forecasting methods which
estimate the flare occurrence rate from historical records of flares and sunspot group classes
(Bornmann & Shaw, 1994), possibly combining such information with observed waiting
time distribution between flares (Gallagher et al., 2002; Bloomfield et al., 2012) or with

the evolution of sunspot groups classification (McCloskey et al., 2018).

Attributing a Mclntosh class to a sunspot group is thus fundamental to predict-
ing its impact on the Earth space environment. Traditionally, such attribution was done
manually, and inserted into catalogs and databases along with metadata related to the
number of spots and groups, position, and area of each sunspot. Examples of such cat-
alogs include the merged catalog from Lefevre & Clette, 2014, the US Air Force/SOON
catalog (SOON, 2008) , Debrecen’s Photoheliographic data (DPD), Hungary (Baranyi
et al., 2016; Gyéri et al., 2017), the Spanish observatories catalogs (Aparicio et al., 2022,
2014; Curto et al., 2016), and the Coimbra Observatory catalog, Portugal (Carrasco et

al., 2018).

In this work, we use solar observations obtained from the ground-based station USET
located at the Royal Observatory of Belgium and we propose SunSCC, a fully automated
system addressing three essential tasks regarding the observation of Sunspots on WL im-
ages: Segmentation, Clustering of individual sunspots into sunspot groups, and Classi-
fication of sunspot groups according to the McIntosh classification scheme (McIntosh,
1990). We focus on the MclIntosh classification scheme as it is based solely on WL in-
formation, unlike the Mount Wilson scheme, and as it has applications in space weather

forecasting.
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To our knowledge, this is the first attempt to achieve these tasks using ground-based
WL observations only. Most of previous works cited in Section 2 use space-based instru-
ments, and possibly also magnetogram information. As in many other ground-based sta-
tions around the world, USET has been observing the Sun for decades without interrup-
tion. This allows for a consistent record and statistical studies of sunspot groups over
several solar cycles, unlike most of space based instruments which observe during a smaller
period of time.

SunSCC works in a cascaded sequence: the output of the segmentation task is given
as input to the clustering task, and the clustering is used to locate sunspot groups for
which the classification is estimated.

Both the segmentation and the classification use Convolutional Neural Networks
(CNN), more precisely the segmentation task uses Unet (Ronneberger et al., 2015), and
the classification is based on ResNet (He et al., 2016) followed by Multi Layer Percep-
tron (MLP, Alpaydin, 2014). Interestingly, our work demonstrates that ensembles of clas-
sifiers are effective in differentiating reliable from probably incorrect classifications, based
on the consistency of classifier predictions in the ensemble.

For the aggregation of sunspots into groups, we adapt the mean-shift algorithm (Fukunaga
& Hostetler, 1975) to the specificities of sunspot groups definition, using the results pro-
vided by the segmentation CNN.

We show that, despite the fact that our original data are prone to significant noise
due to atmospheric seeing or clouds, and is constituted only of WL observations, our clas-
sification method achieves similar performance to methods applied on spaced-based im-
ages, possibly using both continuum and magnetogram information. As WL solar ob-
servations are extremely common, the SunSCC pipeline could be adopted by many so-
lar observing stations around the globe.

This paper is organized as follows. Section 2 motivates our work and provides a
survey of previous related works. Section 3 presents the ground-based observations, and
details which specific datasets were used in each task. Section 4 presents the SunSCC
pipeline, and the methods used to achieve the three tasks, including the preparation of
the necessary training dataset. Quality metrics and a discussion of the experimental re-
sults are provided in Section 5. We conclude with future perspectives in Section 6.

2 Motivation and related works
2.1 Sunspot segmentation

Accurate detection of sunspots is fundamental for the construction of solar activ-
ity indices such as the International Sunspot Number (Clette et al., 2007), and consti-
tutes the first step towards sunspot classification.

The delineation and classification of sunspots is however partly subjective as two
distinct observers might differ in their decisions. Moreover, sunspots are irregular in shape,
and have variable intensity and contrast with their surroundings. Ground-based images
typically also have different levels of noise and distortion,

In such a non-purely deterministic context, it is particularly useful to rely on the
intrinsic statistical robustness of machine learning tools. Automated methods also al-
low to deal with the ever growing amount of data available and to perform statistical
studies on large datasets.

Both region-based and edge-based automated detection methods were used in pre-
vious works. Region-based methods encompass on one hand histogram-based segmen-
tation, where pixels are classified according to their intensities ( Steinegger et al., 1998
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Pettauer & Brandt, 1997 ; Zharkova et al., 2005 ) possibly combining this with a Bayesian
approach (Turmon et al., 2002), and on the other hand region-growing procedures, where
the connectivity of individual pixels is used to incorporate information about the local
neighborhood (Murakézy, 2022).

Edge-based methods focus on discontinuities and thus on locating region bound-
aries. Zharkov et al., 2005 used edge detection, followed by mathematical morphology
on continuum image from the Michelson Doppler Imager (MDI, Scherrer et al., 1995)
space instrument. They compared their results with NOAA synoptic maps produced man-
ually during one year, and found good correlation. Later on, Curto et al., 2008 as well
as Watson et al., 2009 used mathematical morphology on WL images, before applying
thresholding to isolate the sunspots. Curto et al., 2008 applied his algorithm on WL im-
ages from a ground-based station with the goal to reproduce the Wolf number and to
compare it against value obtained manually by operators of the same station.

Watson et al., 2009 applied his method on a 1997-2003 MDI continuum dataset to in-
vestigate the effect of center to limb variation on sunspot appearance and disappearance.

Carvalho et al., 2020 provided a comparison between intensity-based thresholding
and mathematical morphology methods. It showed that mathematical morphology-based
approaches perform better than purely intensity-based methods. They also require less
pre-processing to remove atmospheric effects in ground-based observations and to cor-
rect for limb darkening.

These methods are however still very much dependent on the choice of parameters
such as the size of the morphological operators. It is therefore of interest to develop a
method which is robust against particular heuristics or parameter’s choice. We tackle
this problem by considering multiple thresholds per WL image to supervise the train-
ing of our machine learning algorithm, as described in Section 4.2.2. The resulting trained
neural networks are shown to aggregate and regularize the knowledge extracted from the
segmentation masks obtained with multiple thresholds (see Section 5.1).

2.2 Grouping of individual sunspots into sunspot groups

Sunspots are formed in groups that share physical properties such as belonging to
the same magnetic flux loops, and are more elongated in longitude than in latitude. Con-
sidering a binary mask of sunspots (where ‘0’ means a background pixel and ‘1’ a sunspot
foreground pixel), sunspot groups correspond to local maxima in the spatial distribu-
tion of foreground pixels inside this binary mask.

Several attempts were made in previous works to find such local maxima. In their
work, Curto et al., 2008 used a region growing procedure and predefined criteria of neigh-
borhood to group individual sunspots into a sunspot group. Nguyen et al., 2004 tested
various hierarchical algorithms and a simple k-means algorithm.

Since the number of sunspot groups on a given day is not known, the number of
clusters k to request from the k-means algorithm can not be defined, making this method
impractical. Similarly, finding an appropriate termination condition for the hierarchi-
cal algorithms proved to be difficult. The same authors then compared in Nguyen et al.,
2006 the performance of several hierarchical algorithms with that of a density-based clus-
tering algorithm known as DBSCAN (introduced in Ester et al., 1996), and found a slightly
better performance for the latter.

Finding the local maxima of the statistical distribution that best explains an ob-
served set of samples in a multidimensional space is precisely the problem solved by the
so-called ‘mean-shift’ algorithm (Comaniciu & Meer, 2002). Another reason to choose
this algorithm in this work is that it allows for a natural integration of prior knowledge
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about anisotropic elongation of clusters. This makes it particularly suitable for our pur-
pose since sunspot groups present dominant longitudinal elongation.

2.3 Sunspot Classification

Attributing a Mclntosh class to a sunspot group is fundamental for science and space
weather purposes. Most of the time, however, such classification is still being done man-
ually by experts. This is a time-consuming process, and although classification rules are
well defined, there is room for subjectivity and interpretation, and experts may disagree
on sunspot group separation and classification. This in turn results in inconsistencies that
stem from these human observation bias as well as non-reproducible catalogs.

To solve the inconsistency problem faced by various solar observatories and space-
weather-prediction groups around the world, and to deal with the large amount of so-
lar data available, automated classification of sunspot groups has been envisioned.

Colak & Qahwaji, 2008 combined thresholding and 1-layer artificial neural networks
to detect, cluster, and classify sunspot groups according to the McIntosh system. Their
work, which represents still a benchmark today, is using both continuum and magnetogram
data from the MDI instrument. Abd et al., 2010 used Support Vector Machines on ex-
tracted features from MDI continuum images to predict the modified Zurich classifica-
tion using a one-against all method. They claimed a score of average 80% precision but
the method was applied to a restricted dataset (20 samples per class).

The advent of Deep Learning methods allowed computational models that are com-
posed of multiple processing layers to learn representations of data with multiple and
hierarchical levels of abstraction (LeCun et al., 2015; Goodfellow et al., 2016). In par-
ticular, CNNs have proven superior to previous methods for image classification (Krizhevsky
et al., 2012). In sunspot classification, (Knyazeva et al., 2020) used a pre-trained deep
neural network and a transfer learning approach to provide an automated MclIntosh clas-
sification using MDI as well as HMI (Helioseismic and Magnetic Imager, Scherrer et al.,
2012) magnetograms. They achieved an average 50% precision score, and significant con-
fusion can be seen between the classes D, F/, and F' of the modified Zurich class.

Palladino et al., 2022 address sunspot detection and classification using continuum
and magnetogram images as well as the Solar Region Summary (SRS) tables of the US
Air Force/SOON catalog (SOON, 2008) as a source of information about the observed
sunspot groups. These tables report the location, composition and McIntosh classifica-
tion of the visible sunspot groups on a daily basis. A Faster R-CNN model is used to
detect sunspots, and Inception v3 for classification. The precision score varies between
30% and 90% amongst classes, and similarly to Knyazeva et al., 2020, confusion between
classes D, E, and F' of component Z appears clearly.

3 Data
3.1 USET input dataset

Images used in this work were collected by the USET (Uccle Solar Equatorial Ta~
ble ; USET, 1956 ) station of the Royal Observatory of Belgium (ROB) in the 2002-2019
time period. We used full sun images from the USET White Light (WL) instrument, where
images have been pre-processed to center the solar disk in the image at a 1 pixel level
accuracy, and the images are translated to have the center in the middle of the image.
This dataset is openly available for registered users through the SOLARNET Virtual Ob-
servatory (SOLARNET, 2021).

The USET station is also equipped with a Visual White light telescope, that projects
the image of the Sun on a paper and is used to produce sunspot drawings. Since the 1940s,
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Name Task Time period(s) #samples  Annotation type Annotation origin

WLs A Seg. (Train) 2013-15 5953 Mask Automated
WLsm  Seg. (Validation) 2013-15 36 Mask Manual
WL Clustering 2002-12 U 2016-19 3150 BBox SGDB
WL Classification 2002-12 U 2016-19 5017 McIntosh DDB, SGDB

Table 1. Summary of the datasets used in this work. BBox stands for 'Bounding Box’. DDB
and SGDB are, respectively, the drawing data base and sunspot group database gathered from
USET observations.

human operators have made annotations on these drawings regarding the sunspot groups
and total sunspot counts. The information contained in these annotations, as well as some
information about the drawings have been included in two linked databases: First, the
Drawing Database (DDB), which stores the global metadata such as the observer’s acronym,
total number of spots, sunspot groups, and Wolf number pertaining to one solar draw-
ing, and second the Sunspot Group Database (SGDB), whose entries contain specific in-
formation about a sunspot group, such as its heliographic coordinates, area, or manu-

ally made classification in the the Zurich and MclIntosh systems. Using information con-
tained in the SGDB and the value of the solar radius retrieved from Visual WL obser-
vations, it is also possible to determine a Bounding box (BBox) for each sunspot group.
Catalogs pertaining to these two DBs have been included in two Table Access Protocol
(TAP) services (USET Database, 2022). The USET sunspot group catalog stemming from
the SGDB was also used in Aparicio et al., 2018, Carrasco et al., 2015, and Lefevre &
Clette, 2014.

In this work, the size of the WL images were made uniform to 2048 x 2048 pix-
els. Indeed, due to a change of camera equipment in June 2008, the image sizes are in-
consistent: images recorded earlier than June 2008 are of 1024 x 1024 pixels size while
later ones are of size 2048%x2048. To avoid any issue caused by a resolution change, we
upsampled earlier images to match the size of later ones using nearest neighbour inter-
polation.

We detail below which subset will be used for the different tasks of segmenting, clus-
tering, and classifying the sunspots. The characteristics of the various datasets used in
this work are summarized in Table 1.

3.2 Segmentation dataset

From the entire dataset, images from the 2013-2015 period were used to train and
estimate the CNN-segmentation model. The chosen period corresponds to the peak so-
lar activity during solar cycle 24, offering thus a decent diversity of sunspots and sunspot
groups in terms of number and shape.

From the images in this period, a total of 36 images (one image per month) were
extracted for segmentation performance validation. These 36 images were annotated man-
ually by ROB experts and constitute the ground-truth for assessing the CNN segmen-
tation’s performance. This manually annotated dataset is denoted W.Lgys . All other
images, except the ones captured the same day or the day before or after the one of a
test image, form the training set W.Ls 4, and were processed automatically to generate
pseudo-labels to train our CNNs for segmentation, as explained in Section 4.2.1.

Once the CNN-segmentation model has been estimated, it is applied on the WL
images within the period 2002-12 U 2016-19 (outside the 2013-2015 years) and produces
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segmentation masks to be used for clustering and classification tasks. The set of WL im-
ages recorded during this period, and thus used for both clustering and classification tasks,
is denoted WL .

3.3 Clustering dataset

For the clustering, we paired segmentation masks of images in W/L¢ with correspond-
ing sunspot drawings, i.e. with entries in the DDB and SGDB. For each timestamped
sunspot drawing, we extracted the chronologically closest WL image in W.L¢ to avoid
most of annotation inconsistencies. Such errors may especially occur in the early stages
of sunspot group development when classification may change within a few hours.

In our pairings, we set the maximum time difference between drawing annotation
and image capture to 4 hours. This selection process produced 3150 pairs of (segmen-
tation masks, sunspot drawings) for the 2002-2012 and 2016-2019 time periods and a to-
tal of around 6500 sunspot groups.

3.4 Classification dataset

Input to the classification task are the sunspot groups retrieved by the clustering
algorithm. The corresponding number of clusters given to the classification task is of 5017
samples for the period 2002-12 U 2016-19. However, sunspot groups that are close to one
another deserve a specific treatment, in order to avoid their mixed patterns misleading
the classification network during training and validation. Such cases are identified as groups
whose bounding box image contains sunspots belonging to other group(s). For each of
these groups, before presenting the corresponding image to the classifier, we erase the
sunspots of other close group(s) by setting their pixel intensity values to the mean value
of the background pixels around their contour. In that way, only one group is available
to the classifier at a time.

In the training dataset used in this supervised classification task, each of the 5017
samples gets an associated label that corresponds to the McIntosh class of the matched
sunspot group in the SGDB.

4 Methods
4.1 Pipeline overview

The SunSCC pipeline is depicted in Figure 1. It takes as input images obtained
from the USET White Light telescope of the Royal Observatory of Belgium and returns
as output segmentation masks of individual sunspots, as well as the sunspot groups and
their McIntosh classification, with a reliability score. It is divided in three independent
blocks as follows.

The first block, dealing with the sunspot segmentation, is addressed by a CNN in
the form of Unet architecture (Ronneberger et al., 2015) composed of an auto-encoder
with skip connections. The encoding part of the auto-encoder has 5 levels and 4 down-
sampling steps, and reversely the decoding part has 5 levels and 4 upsampling steps. Each
level is composed of two convolutional blocks. The numbers of feature maps (or filters)
estimated in each convolutional block at each level are, from highest to deepest level, 32,
64, 128, 256 and 512, respectively.

The second block receives as input the segmentation from the first block, and ag-
gregates the detected sunspots into sunspot groups using an original clustering method
inspired by the mean-shift algorithm.



339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

Each identified sunspot group is provided along with an angular distance map to
the third block. The latter constitutes a classification network designed to predict the
McIntosh 3-components classification. It is composed of a ResNet34 (He et al., 2016) im-
age encoder and three Multi-Layer Perceptrons (MLP) organized in a hierachical way,
each having 4 hidden layers and Rectified Linear Units (ReLU) activation functions (Agarap,
2019). Each MLP is specialized in the classification of one component of the McIntosh
system. The 4 hidden layers of each MLP contain 512, 256, 256 and 128 neurons, respec-
tively.

An advantage of keeping the three blocks as independent as possible is that each
can be used separately as a black-box, modified or enhanced with limited effect on the
subsequent blocks. We detail below the methods corresponding to the segmentation, clus-
tering, and classification of sunspot.

4.2 Segmentation

Section 4.2.1 describes our method to build a set of unsupervised but error-prone
segmentation masks, using conventional image processing techniques. We then explain
in Section 4.2.2 how to use those masks as pseudo-labels to train a CNN model.

4.2.1 Training data preparation, using unsupervised image processing

The generation of unsupervised segmentation masks, also called ‘pseudo-label gen-
eration’ in the context of machine learning, is depicted in Figure 2. Each raw image in
W~Lg 4 is first processed to correct for limb darkening. Indeed, WL images show a ra-
dial decrease in intensity from the center of the disk to the limb, which if not corrected,
will hinder threshold-based segmentation methods. To correct this effect, a mask of the
limb darkening is created by fitting a polynomial function of the mean intensity of the
image in polar projection. The corrected image is then obtained by dividing the raw im-
age by the limb darkening mask.

Next, mathematical morphology operations, in the form of a black top-hat trans-
form is applied, similarly to (Watson et al., 2009). This allows to find dark areas sur-
rounded by a bright environment corresponding to sunspots. Finally, a thresholding is
applied to obtain a binary mask.

4.2.2 Training the CNN with stochastic pseudo-labels

The UNet architecture (He et al., 2016) is adopted for our CNN segmentation model
since it has proved its accuracy in delineating high resolution segmentation masks in var-
ious fields such as medical imaging (Ronneberger et al., 2015; Isensee et al., 2021) and
natural images analysis (Siam et al., 2018; Sugirtha & Sridevi, 2022).

Since the smallest sunspots represent only a few pixels and thus may disappear when
downsampling large images, we feed the CNN at full original resolution, but use patches
of the full image (that we called ‘segment’) of size 512x512 pixels in our segmentation
models. Note that unlike during the generation of the segmentation masks by thresh-
olding methods in previous section, the limb darkening effect is not corrected on the im-
ages given as input to the CNN. Instead, raw white light images are used. We count on
the regularization properties of the CNN to be robust to limb darkening and the pres-
ence of clouds.

Finding a single threshold value during the mask generation process is a non-trivial
task as the level of illumination may differ not only locally due to the presence of clouds
and other artifact source such as atmospheric seeing, but it may also differs from image
to image. Moreover, CNNs trained with a systematic labeling error are known to pro-
duce predictions with the same error patterns. To circumvent these issues, we consider
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images with a resolution of 2048 x 2048 are subdivided into a 4x4 grid, each containing segments
of dimensions 512x512. An Unet segmentation network predicts masks for each segment that are
reassembled into a 2048x2048 segmentation mask. The Unet network comprises 5 levels (with

32, 64, 128, 256 and 512 filters) and 4 downsampling steps in the encoding part, and reversely 5
levels (with 512, 256, 128, 64, and 32 filters) and 4 upsampling steps in the decoding part. Each
level is composed of two convolutional blocks. The detected sunspots are aggregated into sunspot
groups by a modified mean-shift algorithm. Each identified group is provided along with an an-
gular distance map to a classification network composed of a Resnet34 image encoder and three
MLPs with 4 hidden layers and RelLU activation function. Each MLP is specialized in the classi-
fication of one component in the MclIntosh system. The 4 hidden layers of each MLP contain 512,
256, 256 and 128 neurons, respectively.

multiple thresholds per WL images, each of them generating a specific mask or pseudo-
label, and we train our model using these various pseudo-labels. This is expected to in-
crease the error patterns variability, thereby preventing the CNN to learn them. Our ex-
perimental results demonstrate that this original strategy is effective in mitigating the
bias introduced by pseudo-labels in the trained model prediction behaviour.
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Figure 2. Pseudolabel generation pipeline: (Top Left) Original image, (Top Right) Flattened
center-to-limb variation, (Bottom Left) Black-TopHat transform, (Bottom Right) Binary mask
obtained with thresholding.

To describe this strategy formally, let I be an image and T" a number of thresholds
to consider. We denote each threshold by 7;, with j € 1,...,T. The set of masks (or
pseudo-labels) associated to I is denoted

Mp={m., ..., mq. }, (1)

where each mask m.,,j € 1,...,T, was created using the image processing method de-
picted in Figure 2, with a different threshold value 7;.

When supervising the training of the CNN-segmentation, for each image I, one mask
is randomly selected from M in Equation (1) ; where each mask has equal probabil-
ity to be chosen. This mask is then used to compute the gradients of the binary cross-
entropy loss adopted to update the model as is commonly done in segmentation of bi-
nary masks (Jadon, 2020).

In our experiments, we used three thresholds (T" = 3). The central threshold was
chosen as the one with highest mask segmentation accuracy on the manually annotated
set WLgn. The two other thresholds have been chosen to reject most false positives (at
the cost of increasing missed detections) and accept most missed detections (at the cost
of an increase of false positives), respectively. The segmentation network was trained us-
ing the sum of the cross-entropy loss an the log cosh Dice loss (Jadon, 2020). The AdamW
(Loshchilov & Hutter, 2019) optimization algorithm was used with an initial learning rate
set to 10™%4. The number of epochs was set to 40 with a batch size of 16. The model was
trained using the images in W/-Lg 4 and their associated pseudo-labels then validated on
images in W/Lg); and associated manual annotations.
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a2 4.3 Clustering

13 We propose an original method to find sunspot groups in a WL image, given the
414 sunspot masks provided by our CNN segmentation model. Our approach adapts to the
a1 context of sunspot group retrieval the mean-shift clustering algorithm introduced by (Fukunaga
a16 & Hostetler, 1975) and popularized in computer vision by (Comaniciu & Meer, 2002).

a7 The mean-shift clustering algorithm exploits local gradients of a density function to lo-
a1 cate its maxima, or modes, given discrete data samples from that function. It simulta-
419 neously associates an attraction basin to each of the modes, thereby clustering the ob-
420 served samples based on the basin they belong to. In the sunspot clustering context, the
o1 procedure to discover the modes, and to associate the observed sunspot to those modes,
a2 works as follows. Starting from the center of an observed sunspot, it iteratively shifts

3 according to the gradient of the density function obtained by placing at the center of each
a2 observed sunspot a kernel shape weighted by the area of the sunspot.

25 This is repeated until convergence to a local maximum, defining a mode. The con-
26 vergence procedure is repeated for all the sunspots, which ends up in defining a discrete
a7 number of modes, to which sunspots are associated.

8 The rationale for choosing this particular method is as follows: it adopts a conven-
20 tional linear kernel, but takes the shape of sunspot group into account, as well as the as-
430 pect of individual sunspots when defining the kernel spatial support in longitudinal and
231 latitudinal directions. More precisely, anisotropic kernels are adopted to fit the distri-

32 bution of sunspots in a group. This originates from prior knowledge that sunspots com-
433 posing a group tend to be more spread along the longitudinal axis than along the lat-

a3 itudinal axis. Also, the longitudinal bandwidth of each kernel is defined as an increas-

435 ing function of the area of the corresponding sunspot. The reason why area-dependent
436 kernels are used comes from the observation that bigger sunspots have a larger proba-
237 bility to be a dipole of a large group. Hence, a larger neighborhood should be consid-

438 ered when estimating the density function of the group associated to a bigger sunspot.

239 On the other hand, the kernel bandwidth along the latitudinal axis is kept constant for
a0 all the sunspots. Mathematical details of this method are provided in Appendix A.

a1 4.4 Classification

a2 Images from the WL, dataset are used to train classification models, with the sunspot
a3 group samples obtained by the clustering algorithm described above and tuned with ap-
aaa propriate kernel bandwidth values. As mentioned before, each class is composed of three
s components: Z,p, and c.

216 The Z-component, the modified Zurich class, contains classes from A to H. The

447 first three classes represent emerging sunspot groups, from unipolar sunspot (A) to bipo-
118 lar without penumbrae (B) and bipolar spot with penumbrae on one end of the group

440 (C). Classes D, E, F corresponds to bipolar groups with penumbra on both the leading

450 and trailing sunspot of the group, and are differentiated only by the longitudinal extend
451 of the group: the length between both ends is < 10° for class D, between 10° and 15°

452 for class E and > 15° for class F. Finally, class H corresponds to unipolar sunspot with

453 penumbrae, and usually reflects what remains from a pre-existing bipolar group. Note

454 that classes D, E, and F can easily be differentiated using a post-processing that mea-

a5 sures the longitudinal extend between both ends of a sunspot group.

456 The p-component describes the shape of the penumbrae of the largest sunspot. Class
457 x means no penumbrae, and class r stands for 'rudimentary’ penumbrae. Class s and

458 h both represents sunspot groups with mature penumbra of circular or elliptical shape,

459 called ‘symmetric’. The north-south diameter across the penumbrae differentiates classes
460 s and h: it is < 2.5° for class s and > 2.5° h. Classes a and k represents asymmetric

a61 penumbrae, with irregular outline. Similarly to classes s and h, what differentiates a from
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k is the length of the north-south diameter across the penumbrae: it should be < 2.5°
for s and > 2.5° for k, respectively.

Finally, the c-component describes the compactness, that is, how spots are distributed
in the space between both ends of a sunspot group. Classes are x’ (non admissible for
unipolar group), o’ for ’open’ (few spots in between two main sunspots), ’i’ for ’inter-
mediate’ (numerous spots between two main sunspots, but none with a penumbra) and
'¢’ for 'compact’ (area between the two main sunspots is populated with many spots, some
of them having a penumbrae).

The MclIntosh classification scheme contains as much as 56 admissible classes, and
therefore some of them are poorly observed in our training dataset W.Lc. On the other
hand, some classes have similar morphology and are differentiated only by their sizes.
We decided to use a reduced set of classes (Section 4.4.1) to tackle imbalance in class
sample size (Section 4.4.2), and to use ensemble classifier to get a measure of confidence
in the classification prediction (Section 4.4.3).

4.4.1 McIntosh classes aggregation

We use CNN in order to discriminate the overall aspect of the sunspot groups. In
particular, classes that are differentiated only by the sunspot group size or distance be-
tween its two ends will be merged together, since a simple post-processing may separate
them. This reduction of the set of McIntosh classes operates at three levels.

First the D, F and F classes of the Z-component were merged into a single class
denoted LG for ‘LargeGroup’, since the distinction between these classes is based on the
distance between the leading sunspot and trailing sunspot of the group, and not on as-
pect of any sunspot in the group. Considering the full set of classes might actually lead
to confusion of the CNN-classifier between classes D, F and F, as is precisely reported
in (Palladino et al., 2022) and (Knyazeva et al., 2020).

Second, regarding the p-component, the symmetric classes, i.e. classes s and h, were
merged together in a sym class and in an analog manner the asymmetric classes, i.e. classes
a and k, were joined in a new asym class. Distinction between these classes may easily
be done by post-processing, based on a specific length measurement, as explained above.

Third, the number of classes of the c-component was reduced to three by merging
classes ¢ and c¢ used for groups where the space between dipoles is populated with smaller
sunspots. We named this new class frag, standing for 'fragmented’. The distinction be-
tween classes 7 and ¢ is qualitative in nature and hence contains a part of subjectivity.

A human operator will have to make the final decision to discriminate them.

The reductions on the usual classification scheme of (McIntosh, 1990) are repre-
sented in Figure 3.

4.4.2 CNN-based classification

As shown in Figure 1, our classifier relies on a ResNet34 convolutional backbone
to encode the visual information associated to the sunspot group to be classified. The
network is fed with standard-sized 256 x256 images for all sunspot groups. Before crop-
ping those images, the corresponding full-disk images are rotated to compensate for the
sun P-angle, to make the sun rotation axis vertical. The cropped images are composed
of two channels: the first channel contains the square segment of the WL image centered
at center location of the sunspot group formed during clustering, and the second chan-
nel contains the corresponding segment of an angular distance map aligned with the WL
image. This second channel is added to the WL input to provide information about the
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Figure 3. Classification scheme taken from McIntosh (1990). Red fonts indicate how some
of the initial McIntosh classes have been merged in a single class in our study (see the text for
details).

location of the group on the visible hemisphere to the classification network so that knowl-
edge about distorsion of sunspots shape approaching the limb can be learned.

The embedding representation of the images provided to the ResNet34 backbone
is given as input to three MLPs named MLPz, MLP, and MLP,, respectively special-
ized in the classification of each of the Z,p and ¢ component of the McIntosh system.
The MLPs are organized hierarchically such that the output of MLPz is concatenated
to the encoded embeddings given as the input of MLP, and MLP.. The objective of this
architecture is to mimic the dependency of the p— and c—component classifications on
Z.

Each MLP is trained separately. First the ResNet image encoder is trained along
with MLP 7 using a sampling that is balanced in the representation of all the Z—classes.
Then those two sub-parts (ResNet image encoder and MLP ) are frozen and MLP,, is
trained using balanced samples of the p-classes. In the final training step, MLP,, is also
frozen and M LP,. is trained with a balanced number of sample of each class of the c-
component.

In order to balance the representation of the classes for each sub-training, we as-
sociate each item ¢ in the training set to three sampling weights, one per MclIntosh com-
ponent. Those weights are inversely proportional to the frequency of the sample class
in the training set. These weights control the sampling rate of samples during training.

The classification network was trained using the cross-entropy loss and Adam op-
timization algorithm (Paszke et al., 2019). The initial learning rate was set to 5.107°.
The batch size was set 16 and the number of epochs was set to 100 for each of the train-
ing phases i.e. training of each MLP.
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4.4.8 From hard to soft predictions using ensemble of classifiers

In this work, we applied the precepts of ensemble learning (Dietterich, 2000; Peake
et al., 2020) to soften the prediction of a sample by a single classification network into
a confidence measure of belonging to a particular class.

The founding concept of ensemble learning is that the biases of a single classifier
are likely to be compensated by biases of other classifiers when combining their predic-
tions.The overall prediction accuracy or ensemble prediction accuracy is expected to be
better than the performance of a single classifier (see Dietterich, 2000 for a review). An-
alyzing the predictions associated to an ensemble of models has also been successfully
investigated to quantify predictive uncertainty in neural networks, i.e. to associate a level
of confidence to the prediction (Guo et al., 2017; Lakshminarayanan et al., 2017). Cases
for which the prediction disparity across models is large are considered to correspond to
unreliable predictions. This has been studied and validated in the context of image seg-
mentation (Léger et al., 2022; Dietterich, 2000). In our experiments, multiple instances
of the classification network shown in Figure 1 are initialized with different seeds, and
are trained independently, to produce multiple classifiers. Hence for each sunspot group,
we obtain a pool of predictions. These predictions are then combined into one single out-
put via a majority vote.

The results provided in Section 5.3.4 show that the class prediction inconsistency
across the ensemble of classifiers is a valuable clue to identify the cases for which the ma-
jority vote prediction is likely wrong.

5 Results and discussion

This section gathers the discussion on the results obtained by the three tasks of
the SunSCC pipeline: segmentation (Section 5.1), clustering (Section 5.2), and classi-
fication (Section 5.3) of sunspots.

5.1 Sunspot Segmentation
5.1.1 FEvaluation metrics

In this work, we evaluated segmentation models as detection models, of which they
are a pixel-wise extension. In the performance evaluation of such models, only true pos-
itives, false positives and false negatives are considered. On the other hand, true neg-
atives object candidates are left aside as a potentially infinite number of them may lie
in each image, making them irrelevant. The performance can thus be measured with the
usual precision and recall that can be combined in a single metric named F1-score. For-
mally, using the manually annotated dataset W.Lgjs as ground truth, we first evaluate
the quality of the segmentation with the F'l-score, defined as:

2TP

Fl=
2TP+ FN + FP

(2)

where T'P(‘True Positive’) is the number of correct detections, FN (‘False negative) is
the number of missed detections and FP(‘False Positive) is the number of undesired de-
tections. The Fl-score thus decreases when there are undetected sunspots (FN) or er-
roneous sunspot detection (FP). Second, we consider the number of multiple sunspots
covered by a single detection (called ‘merged’ detection) as another quality metric. This
is because the precise count of individual sunspots is an important element for the de-
termination of the International Sunspot Number (Mathieu et al., 2019).

Sunspots have a wide range of possible sizes in our images, from a few pixels for
the smallest spots to several thousand pixels for the largest spots. Hence, missing a few
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pixels in the segmentation of a small sunspot has a different meaning than missing the
same number of pixels in a large sunspot. Therefore the segmentation of sunspots is an-
alyzed as a function of the sunspot size, by grouping sunspots in five bins with increas-
ing number of pixels. The bin boundaries were chosen so that the population of each bin
is sufficient to depict a statistically relevant behaviour in order to reflect the variation

of detection performance observed on sunspots of different sizes. The boundaries of these
bins are given in Table 2.

bin 0 1 2 3 4
#pixels <50 50-100 100—400 400—800 > 800

Table 2. Sunspot size bin boundaries.

5.1.2 Segmentation results

Figure 4 displays, as a function of the threshold value, the performance of the fol-
lowing three methods: unsupervised threshold-based segmentation, as described in Fig-
ure 2, CNN-based segmentation that is trained with one pseudo-label corresponding to
one threshold value, and CNN-based segmentation trained with three pseudo-labels per
WL images, each pseudo-label being obtained with a different threshold value, and be-
ing selected alternatively with equal chance during training. The first two approaches
are represented by solid coloured curves, while the third is represented by a constant dashed
line as it does not depend on a single pre-defined threshold.

The first noticeable result in Figure 4 is that the CNN-based segmentation regu-
larizes the flaws of small sunspot detection observed when using thresholding. This is
observed as the F1 scores of CNN-based segmenters for Bin 0 and Bin 1 consistently out-
perform those of threshold-based segmenters. Regarding sunspot Bin 0, the highest per-
formance reached using a thresholding method was 55%. The performance increase us-
ing CNNs goes from 7% for lower thresholds up to 24% for higher ones, reaching a new
maximum of 71%. The same observation could be made on Bin 1 with a smaller increase
as the thresholding method was able to achieve a Fl-score of 92% F1. Bins of larger sunspots
keep similar performance and reach 100% of detections. Details of segmentation perfor-
mance on the defined bins are shown in Figure 4.

In our experiments, we measured the trade-off between the number of non-detected
sunspots and the number of merged sunspots - i.e. fusions - for each threshold-based seg-
menter and CNN-based segmenter. Measures of this trade-off can be found in Figure 5.
One can observe that CNN-based segmentation regularises sunspot detections since the
number of misdetections is significantly reduced when compared with thresholding. On
the other hand, CNN-based segmentation tends to slightly increase the number of fused
sunspots (but not more than a few percent).

Finally, the segmentation using three alternating pseudo-labels per WL image dur-
ing training achieved performance comparable to that of the best CNN-segmenter us-
ing a single pseudo-label, both in terms of F1l-score and in terms of fusion versus non-
detected sunspots trade-off, as visible on Figures 4 and 5. It also achieves a smaller num-
ber of fusion than the thresholding methods with the best F1 scores, as shown on Fig-
ure 5. This highlights the benefit of using several pseudo-labels as a solution to train CNN-
based sunspot segmentation instead of searching a unique best threshold value. This ob-
servation is especially relevant and helpful when few annotated samples are available (in
the validation set) to select the unique threshold that would maximize the performance.
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Figure 4. Fl-score of sunspot detection as a function of threshold value, for each sunspot bin.
The table depicts the population size of each bin. The methods represented are: unsupervised
segmentation using for thresholding (orange curve), CNN trained with unique pseudo-label per
WL image (blue curve), CNN trained with 3 pseudo-labels per W L image (green dashed line).
The last CNN was trained by selecting alternatively with equal chance the pseudo-labels gener-
ated using the following threshold values: 71 = 325 72 = 375 73 = 425.

5.2 Clustering

To retrieve sunspot groups, we use the masks produced with the best performing
CNN classifier in our segmentation experiments. Such masks were obtained for each im-
age in WCLc (see Section 3).

The performance of the proposed clustering method is done by measuring the con-
cordance between clusters found by the automatic method, and the SGDB entries. To
quantify this concordance, bounding boxes computed from SGDB entries are compared
with bounding boxes of groups found by clustering. We refer to SGDB bounding boxes
as target boxes and bounding boxes of groups formed by clustering as meanshift boxes.

The dimension of each target box is computed as a function of the McIntosh class
and center position of the sunspot group, and solar radius from the corresponding vi-
sual WL observation, see Appendix C for details.

In each image of the set WL¢, each target box is paired with the closest meanshift
box. The set of matchings pairs is denoted M. If two target boxes have the same mean-
shift box as pair candidate, only the target box with smallest distance is paired, while
the other is considered unmatched. If both target boxes overlap the meanshift box (and
have a zero-distance), the one with largest intersection over union (IoU) is paired. We
denote Ur (resp. Uyr) the set of unmatched target boxes (resp. the set of unmatched
meanshift boxes) along the whole image set WZLc.

The evaluation of the performance of the proposed clustering method should di-
rectly depend on the size of Uy and Uy, denoted #Ur and #U,,, respectively. Indeed,
the unmatched target groups in Up, and the unmatched mean-shift groups in Ujy; both
correspond to clustering errors, except if they are isolated, i.e. far enough from all groups
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Figure 5. Trade-off between sunspots remaining undetected and sunspots being merged in a
single entity. The thresholding method (orange) labels as sunspot the pixels lying above a thresh-
old value in the Black-TopHat transformed image. CNN-1 (blue) corresponds to the models
whose training has been supervised with pseudo-labels obtained with a single and fixed threshold.
CNN-3 is trained with 3 distinct pseudo-label images per WL image (green). Markers indicate
the threshold used (diamond: 7 = 300, down triangle: 7 = 325, left triangle: 7 = 350, circle:
T = 375, right triangle: 7 = 400, up triangle: 7 = 425, hexagon: 7 = 450, square: 7 = 475,
pentagon: T = 500, star: 71 = 325 72 = 375 73 = 425). The F1 scores indicate performance on
sunspots in the first bin, which corresponds to the smallest and thus most challenging sunspots to
detect.

of the other [target/mean-shift] category. Indeed, when the sunspot segmentation is ac-
curate, Uy; corresponds to the cases for which a target group has been erroneously split
into multiple meanshift groups (leading to unmatched meanshift groups), and Ur to the
case for which a meanshift group has aggregated two target groups (leading to an un-
matched target). When the segmentation is not correct, false positives and missed de-
tections lead to isolated mean-shift and isolated target groups, respectively. We let It C Urp
and Ip; C Ups denote the unmatched bounding boxes associated to those missed or false
positive sunspot detections. Since they reflect detection errors, those I and I, bound-
ing boxes should preferably be ignored when assessing the clustering performance in or-
der for the evaluation of the clustering method to be as independent as possible from the
quality of the segmentation. Hence, # I and #1I; are removed from #Up and #Uyy,
respectively, when computing the clustering accuracy metric.

Formally, the accuracy of the clustering algorithm is computed using the follow-
ing formula:

#M
#M + (#Ur — #17) + (#Un — #1n1)

3)

Accuracy =

Appendix B presents a grid search to find appropriate values for the latitude band-
width as well as maximum longitude bandwidth to define the kernels used for cluster-
ing. This reveals that our method achieves 80% accuracy when appropriate meanshift
parameters are adopted. The values of longitudinal and latitudinal kernel bandwidths
achieving this performance are .4 radians and .1 radians, respectively, see Figure B1 in
Appendix B. These values have been adopted when creating the dataset on which the
classification network was trained.
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663 5.3 Classification

664 The details about the distribution of samples among the classes of the Z,p and ¢
665 components of the McIntosh system are shown in Tables 3, 4 and 5, respectively. In our
666 experiments, we used 85% of the available samples for training and 15% for testing.

667 One can observe the presence of class imbalance in each of those tables as the rep-
668 resentation of rarest classes can vary from half to the third of the representation of the
669 most populated ones. Also, the respective imbalances of the classes in Z,p and ¢ com-
670 ponents make it difficult to train the whole network at once as balancing the training
671 on one component does not guarantee balanced training for classes of other components.
672 The context of this work thus requires a training supervision strategy of the classifica-
673 tion models that takes this additional complexity into account to ensure balanced rep-
674 resentation of each class for each McIntosh component. As explained in Section 4.4.2,
675 we use weights associated to each item to control the sampling rate during training.

A B C LG H
#samples 578 691 1026 1377 1345

Table 3. Class distribution of Z component in classification dataset.

X r Sym  asym

#samples 1269 533 1845 1370

Table 4. Class distribution of p component in classification dataset.

X o frag

#samples 1923 2014 1080

Table 5. Class distribution of ¢ component in classification dataset.

676 5.3.1 Mean classification accuracy as a function of the category

677 In our experiments, we trained 20 classification CNNs to produce ensemble pre-
678 dictions. Each test sample was provided to every CNN such that a majority vote could
679 be performed on the predictions of each component Z, p and c¢. The performance of this
680 ensemble learning approach was measured with the weighted F1-score on each compo-
681 nent, and this for two sets of test samples: first, the set of sunspot group samples that
682 lie far away from any other group on the cut-out WL image given to the CNN, and sec-
683 ond the set of samples close to another group, either because their Bbox overlaps that
o84 of other group(s) and/or because other group(s) appear on the WL image given to the

685 CNN. On the first set, the proposed network achieved 69% F1-score on the classification
686 of the Z component, 62% on p and 72% on c. These results solely based on ground-based

687 images are comparable with the solution proposed by (Palladino et al., 2022) that uses
688 magnetograms along with satellite based WL image. Their solution respectively reached
689 67% F1 score for the Z component, 55% for p component and 73% for ¢ component. On
690 the second set of harder samples, the proposed network achieved 57% F1-score on the

601 classification of Z component, 54% on p and 63% on c. Lower performances were expected
692 as it is more likely that these samples have suffered errors during clustering and there-
693 fore do not present the characteristics of the MclIntosh class they are labeled with. One
694 can expect that further enhancement of the clustering method allows to reach classifi-

695 cation performances on the second set of samples similar to the first, provided that the
696 unwanted sunspots in the input image are hidden. The results presented from now on
607 depict the performance on the set of sunspot groups that are far from any other group.
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Z p c

Isolated groups 69% 62% T72%
Packed groups 57% 54% 63%

Table 6. F1 score of the classification with majority vote for Z, p and ¢ components on test

sunspot groups that are far from other group(s) (top) or close to, i.e. with overlapping bounding

boxes, other group(s) (bottom).

The breakdown of our results are shown in Table 6, Figure 6 as well as Tables E1,
E2 and E3 from Appendix E. Beside the Fl-score, these tables also present the Preci-
sion and Recall metrics, which are defined in Appendix D. Figure 6 shows confusion ma-
trices presenting the performances of the classification of the Z, p and ¢ components. For-
mally, each entry M(4, j) of the confusion matrix M denotes the rate at which the ground-
truth class 7 is assigned to class j. On these matrices, one can observe that the major-
ity votes lead to a significant amount of correct predictions. Indeed, the diagonal entries,
which represent the per-class recall, have high values, except for the entry correspond-
ing to class C. This exception is expected due to the intermediate status of class C be-
tween class B and the class grouped under LG (McIntosh, 1990).

The next three sections presents three take-away messages that can be retrieved
from our experiment: performance of CNN-classifier decreases near the limb, even if some
information about limb is provided to the algorithm, the CNN-classifier is able to find
annotation errors in the SGDB, and finally the ensemble classifier allows to identify am-
biguous cases in sunspot classification.

Z character p character ¢ character
Predicted label Predicted label Predicted label
A B C LG H X r sym asym X o frag
1.0
Aﬂ 0.11 0.016 0 0.078 0.056  0.007
0.8
B{ 0.26 0.064 0.026 0
5 5 0.055  0.13 5
2 2 T 0.6
2 cf{o1 o013 013 016 | = 2
[ () ()
2 I~ I~ 0.4
= F sym{ 0.087 0.18 0.22 = .
LG {0.0063 0.081 0.14 0.069
0.2
H{ 0.11 0.013 0.076 0.0063 asymi 004 022  0.17 R
0.0

Figure 6. Test set confusion matrices of classification with majority vote for the classification
of the Z (left), p (center), ¢ (right) components. In each matrix, the rows represent the true label
of test samples while columns represent the label predicted by majority vote. The matrices are

row-normalized such that per-class recall values are shown on the diagonals. See Appendix E for

details about recall metric computation.

5.3.2 Classtfication accuracy as a function of the angular distance to
the solar disc center

Figure 7 (top-left) depicts the classification accuracy of each Z, p and ¢ component
as a function of the angular distance to the Sun center. This distance between a sunspot
group and the Sun center is computed as arcsin(r/R) where r is the distance between
the group centre and the solar disc center and R is the solar radius. We observe that the
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mean accuracy changes with the angular distance. This variation is not due to the stochas-
tic nature of the training procedure (Alpaydin, 2014), as shown by the small error bars
presented on Figure 7 (top-left) to depict the standard deviation resulting from multi-

ple stochastic trainings of the neural network. Instead, a careful analysis of the distri-
bution of the classes in the test and training sets of each component has revealed that
the drops of mean classification accuracies observed for some angular distances are pri-
marily due to a lack of training samples for some classes that are significantly represented
in the test set. In other words, they are caused by a mismatch between the distribution
of classes in the test and the training sets when the number of training sample is small.
Hence, building the training set so that all classes are reasonably represented across all
angular distances is expected to mitigate the erratic fluctuations of accuracy observed

in the plot.

This interpretation is supported by Figure 7 (bottom), which presents, for the 70—
80 degrees bin, the distributions of the labels associated to the p-component in the train-
ing and test sets. We observe that the 'sym’ class is dominant in the test set, but only
poorly represented in the training set (less than 20 samples). This explains why the cor-
responding classification accuracy sharply drops in the graph presented in the top of the
figure. It is worth noting that this mismatch between the distribution of classes in the
test and the training sets is especially problematic when the number of training sample
is small, since it ends up in allocating a small number of training samples to a class that
is largely represented in the test set, thereby hampering the overall test accuracy.

Note also that the variable number of samples available around a given angular dis-
tance is directly linked to the distribution of sunspots on the Sun over time -e.g. the but-
terfly diagram (Hathaway, 2015)-, combined with the position angle between the geo-
centric north pole and the solar rotational north pole (P). As P varies over the course
of a year, the solar equator moves around the solar disk center creating a non-uniform
distribution. This effect is depicted in Figure 7 (top-right), which presents the train-
ing sample distribution as a function of the angular distance. It peaks between 20 and
30 degrees, and reveals the small number of samples available in the bins with small or
large angular distance.

A few examples of failure cases near the limb are shown in Figure 8. The exam-
ple on the left (August 9, 2005, 11:22) shows a group on the limb that is recorded as H-
asym-x in the SGDB and that is classified as C-r-o by the network. On the drawing, one
can see that the observer probably classified it as A-x-x with 2 spots although a penum-
bra was drawn. The operator encoding the group in the catalog saw the penumbra and
classified it as H. However, considering that there is a non-negligible distance between
both spots and that this distance is further underestimated due to projection effects at
the limb, it could also be considered as C-class. The fault in such failure cases is not to
be blamed on the classification network only, nor on the operator. This illustrates com-
plications that may occur due to the position of the group close to the limb.

5.3.3 Finding annotation errors

Discrepancies may exist between the classification recorded in the SGDB and what
can be seen on the temporally closest WL image. There are multiple explanations for
this. (1) What an observer sees when annotating a drawing and what the digital cam-
era captures are different, e.g. due to turbulence. Most of the time, discrepancies would
be in the other direction, i.e. the observer has a long integration time when observing
spots and groups while the WL image has routinely limited integration capabilities. (2)
A human mistake may occur when saving new entries in the SGDB. An example of such
discrepancies that occurred on 6/09/2004 is shown in Figure 9. On this figure one can
see that the observer wrote “C” but did not draw the penumbra correctly. Therefore,
the operator wrote “B” in the USET catalog as the drawing is historically the unique
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Figure 7. (Top Left) Classification accuracy along angular distance with error bars shown

as vertical lines. (Top Right) Distribution of test set samples along angular distance. 0 is center
of the solar disk, 90 is the limb. (Bottom Left) Distribution of the train samples of bin 70-80
degrees among classes of the p component.(Bottom Right) Distribution of the test samples of bin

70-80 degrees among classes of the p component.

source to encode groups. However it was C-class as clearly visible on the corresponding
WL image. Still, the classification network was able to predict the classification correctly,
but it was counted as an error in the performance evaluation due to this erroneous en-
try in the SGBD.

5.3.4 Identifying ambiguous cases

As stated above, using an ensemble learning approach allows to put a confidence
measure on the overall classification of a sample. A noticeable result of our experiments
is that correct ensemble predictions have low discrepancies between the votes while in-
correct ensemble predictions have their votes more distributed among the classes. When
the majority of predictions voted for the correct class, we observe that, for each Mcln-
tosh component, more than 93% of the predictions participated to the correct major-
ity vote, as can be seen in top row matrices of Figure 10. On the other hand, only a rel-
atively low percentage of predictions that participated to an incorrect majority vote did
vote for the correct class, as can be seen by the diagonal values in the confusion matri-
ces of bottom row matrices of Figure 10. This behavior allows for the identification of
difficult cases that may be submitted to an expert for correct classification when clas-
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Figure 8. Examples of failure cases close to the limb. For each sample, the capture date and
time as well as the expected ground truth classification (GT) and the predicted classification
(Pred) are given, along with the WL image presented to the classifiers (top row) and correspond-
ing drawing with annotations about sunspot count and class written during observation (bottom

row).

sifying new groups and can also help to raise a flag to signal the presence of potential
annotation errors when trying to classify sunspot groups from the past. Examples of er-
roneous low-confidence majority vote predictions are shown in Figure 11.

6 Conclusion and future prospects

We proposed SunSCC, a comprehensive pipeline that segments sunspots observed
in ground-based white light images using a convolutional neural network, aggregates them
into groups by an original clustering method, and provides their 3-components Mcln-
tosh classification with a second convolutional neural network. Our experiments demon-
strate that our CNN-based segmentation is able to retain the best out of pseudo-labels,
to predict more accurate masks than a conventional unsupervised image processing ap-
proach. Also, alternating between multiple pseudo-labels for each sample during CNN
training results in a model with performances similar to the ones obtained when train-
ing with a single but carefully selected (i.e. using manually annotated data) pseudo-label.
The sunspot aggregation method we proposed is able to retrieve 80% of the sunspot groups
surveyed by the USET facility of the Royal Observatory of Belgium (ROB) during the
2002-2019 time period. Finally, our sunspot group classification neural networks achieved
performances on par with existing solutions using satellite-based images combined with
magnetograms, while relying solely on ground-based images.

In our experiment to find the best CNN-classifier, we tested the introduction of masks
that would separate the umbrae and penumbrae in a sunspot using a method based on
canny edge detection. This did not improve the results of the CNN-classifier, and hence
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GT: B; Pred: C

K'A'L)

Figure 9. Side by side comparison of drawing annotation (Left) and corresponding WL image
given as input for CNN-based classification (Right) for sunspot group observed on September 6,
2004. The observer annotated this group as C-class without penumbra delineation. When encod-

ing in the SGDB, this group was classified as B-class for this reason. The classification network

was able to retrieve the correct class.
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Figure 10. Per-component test set confusion matrices of predictions that participated to a
correct majority vote (top row matrices) or incorrect majority vote (bottom row matrices). In
each matrix, a cell shows the rate of predictions that voted for its column class while the row
class was expected. The more intense the blue, the higher the rate. In the top row matrices,
off-diagonal values represent erroneous votes that might occur, even in case of a correct majority
vote. In the bottom row matrices, some of the predictions voted for the correct class, hence the

non-zero values along the matrix diagonal.

was not presented here. In the near future, we plan however to produce these masks of
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Figure 11. Examples of ambiguous cases. For each sample, the expected ground truth (GT)
classification and the predicted class (Pred) are shown as well as the distribution of votes taken

into account in the majority prediction of the ensemble of classifiers.

umbrae and penumbrae, and compute relevant statistics such as areas, so that they can

be automatically included in the USET Sunspot Group Database. We also plan to in-
clude in SunSCC a module for sunspot tracking, and to add this information in the SGDB,
to help future research e.g. on solar cycle studies.

On the operational level, we plan to have the SunSCC pipeline running at ROB,
and producing daily sunspot masks, grouping, and classification. This will be an aid to
human operator, and we will be able to operate quality control on the SGDB. Experts
will not be replaced completely by the pipeline as the classification accuracy of the deep
learning models is currently not sufficient for complete autonomy and still requires hu-
man post processing to comply with the whole spectrum of the McIntosh classes. Instead,
it may be used as an assistant tool that can draw attention on certain cases and provide
automated preliminary classification that may be overturned by experts if needed. Hav-
ing an automated McIntosh classification will also be helpful for flare forecasting in ROB’s
space weather operational services. Moreover, SunSCC could potentially be installed at
any ground-based station equipped with a white light telescope. A Transfer Learning
approach could indeed be used to adapt the CNN-segmentation and classification to other
ground-based instruments.
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Drawing data base and Sunspot Group Database is available from the ‘USET drawings’
and ‘USET Groups’ Table Access Protocol service, accessible e.g. through https://vo
-tap.oma.be/ (USET Database, 2022). The code related to this work is publicly avail-
able in an archive on the FAIR compliant platform Zenodo at https://doi.org/10.5281/
zenodo.8236706 (Sayez, 2023). The archive contains code to generate datasets for each
task as well as code for CNN training and performance evaluation.
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Appendix A Clustering method details

Here we provide details on the clustering method. Let S; be the set of sunspots
in an image I, each sunspot s € Sy is defined by its latitude coordinate I, its longi-
tude coordinate Ly and its area as in millionth of hemisphere [pHem). The probabil-
ity density function associated to the observed sunspots in an image I is defined as a weighted

sum of kernels
pdf(l,L) = Zas*k<(l;l5>2+<i)(_a55)2> (A1)

SEST

with h the kernel bandwidth along the latitude axis, w(as) the bandwidth along the lon-
gitude axis and k(-) the linear kernel function defined as

1—d, if||d]| <1.
0, otherwise.

k(d) = { (A2)

The value of w(as) is defined in the [h, wyay] interval according to the following formula:
w(as) = h + as(Wmax — h), (A3)
where ay is the longitudinal expansion factor, defined as

% 1. (A4)

s = min(
anlax

and wyay is a parameter defining the maximal kernel bandwidth along the longitude axis
to associate with sunspots with area over a.,,q,. In our experiments, the parameters h
and wpax were set to h = .1 [rad] and wmax = .4 [rad] (see Appendix B for details).

We set the value of apax to 200 [pHem], which is close to the 75th percentile value of
the area of a C class sunspot group as surveyed by the ROB.

As a result, during the shifting step, the latitude coordinate is updated according
to the following formula
S agxls
seN(l,L)
A5
- (45)
seN(l,L)
where N(I, L) is the set of samples lying in the elliptic neighborhood where the kernel
derivative is non zero. Given Eq.(A2), this corresponds to locations (I, L) for which

2
(l*hls )2 + (IUJ)(*GL)) < 1, where the derivative of the kernel function is equal to 1.
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866 The longitude coordinate is updated in an analogous fashion.

867 This process converges in only a few iterations.

868 Appendix B Optimal Clustering parameters grid search

869 The accuracy of the proposed clustering method using each combination of lati-

870 tudinal kernel bandwidth and maximal longitude bandwidth is shown on Figure B1. We

871 considered the [.02, .12] radian range for the latitudinal bandwidth with a step of .02 and
872 the [.1, .75] radian range with a step of .5 for maximal longitudinal bandwidth. For each

873 combination, we applied clustering on images in WL and measured the accuracy of the

874 sunspot group recovery. Our method achieves 80% accuracy when the latidudinal and

875 longitudinal kernel bandwidths are set to .1 radians and .4 radians, respectively.

Clustering Accuracy
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Figure B1. Search for optimal values kernel longitudinal and latitudinal bandwidths for the
proposed clustering method applied on images in W/Lc¢. Each cell shows the accuracy of the clus-

tering tuned with kernel dimensions of the corresponding row and column.

876 Appendix C SGDB entry bounding box computation

877 The dimension of each target box is computed as a function of the McIntosh class,
878 latitude I and longitude L of the sunspot group center, and solar radius R from the cor-
879 responding visual WL observation. Target boxes dimensions along longitudinal axis By,

830 and latitudinal axis B; are computed as:

881 Bp=sz-|cos(L)| ; By=sz-|cos(l)| (C1)
882 where sz is the length of a side of the sunspot group squared bounding box as a func-

883 tion of the class of the Z component. The values of sz at Sun center are given in Ta-

834 ble C1 for each class of the Z—component in the McIntosh classification system. These

885 values were obtained by expanding the typical size of each Zurich class described in (McIntosh, 1990)
836 to take into account the tilt and P-angle and are expressed as a function of the radius

887 of the solar disc in the processed image.
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893

894

895

896

897

898

A B C D E F H
Box side R/30 R/9 R/9 R/9 R/6 R/4 R/18

Table C1. Length of one side of a squared bounding box for sunspot group located at Sun
center and following a particular class according to Z-component classification in the Mclntosh

system. R denotes the sun radius on the corresponding visual WL observation.

Appendix D Classification precision, recall, support and F1 score

The precision, recall and F1 score metrics for classification are computed using the
following formulae

TP
precision = W (Dl)
TP
ll=——F—— D2
reca TP LN (D2)
2TP 2 151
1 _ 2% precision * recall (D3)

~orp +FN+FP  precision + recall

where TP are true positives, FP are false positives and FN are false negatives.

The weighted average F1 score for classification with multiple classes is calculated
by taking the mean of all per-class F1 scores while considering each class’s support i.e.
the number of occurrences of the class in the set.

Appendix E Classification results details

Class Precision Recall Fl-score Support

A 0.5 0.8 0.61 64

B 0.57 0.65 0.61 78

C 0.59 0.47 0.53 120

LG 0.86 0.71 0.77 160

H 0.78 0.79 0.79 158
Weighted Avg 0.7 0.68 0.69 580

Table E1. Ensemble approach classification performance on classification of Z-component. See

Appendix D for details about computation of columns.

—28—



899

900

901

902

904

905

906

907

908

910

911

912

914

915

916

917

918

920

921

922

923

924

925

926

927

Class Precision Recall Fl-score Support

X 0.74 0.75 0.75 142

r 0.24 0.58 0.34 55

sym 0.73 0.52 0.61 208
asym 0.66 0.58 0.61 175
Weighted Avg 0.66 0.6 0.62 580

Table E2. Ensemble approach classification performance on p-component. See Appendix D for

details about computation of columns.

Class Precision Recall Fl-score Support

X 0.77 0.89 0.82 222

0 0.73 0.57 0.64 235

frag 0.66 0.75 0.7 123
Weighted Avg 0.73 0.73 0.72 580

Table E3. Ensemble approach classification performance on c-component. See Appendix D for

details about computation of columns.
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