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ABSTRACT

Coronal holes (CH) are magnetically open regions that allow hot coronal plasma to escape from the
Sun and form the high-speed solar wind. This wind can interact with Earth’s magnetic field. For
this reason, developing an accurate understanding of CH regions is vital for understanding space
weather and its effects on Earth. The process of identifying CH regions typically relies on extreme
ultraviolet (EUV) imagery, leveraging the fact that CHs appear dark at these wavelengths. Accurate
identification of CHs in EUV, however, can be difficult due to a variety of factors, including stray light
from nearby regions, limb brightening, and the presence of filaments (which also appear dark, but are
not sources of solar wind). In order to overcome these issues, this work incorporates photospheric
magnetic field data into a classical EUV-based segmentation algorithm based on the active contours
without edges (ACWE) segmentation method. In this work magnetic field data are incorporated
directly into the segmentation process, serving both as a method for removing non-CH regions in
advance, and as a method to constrain evolution of the boundary which identifies the CH boundary.
This reduces the presence of filaments while simultaneously allowing the segmentation to include
CH regions that may be difficult to identify due to the aforementioned inconsistent intensities.
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1 Introduction

Coronal holes (CHs) are regions of open magnetic field lines [Altschuler et al., 1972]. These lines, which emerge from
the photosphere and extend through the Sun’s corona, allow coronal plasma to escape from the Sun and form high
speed flows of particles called the solar wind [Wang and Sheeley, Jr., 1990, Wang et al., 1996, Antonucci et al., 2004,
McComas et al., 2007] that can affect Earth’s magnetic field [Tsurutani et al., 2006]. Due to this relationship between
CHs and solar wind, accurate detection and segmentation of CHs proves vital for understanding solar wind behavior,
and, by extension, improving space weather forecasting. This can be seen, for example, in the development of the
Wang-Sheeley-Arge (WSA) model [Wang and Sheeley, Jr., 1990, Arge et al., 2003, 2004].

Due to the lower density and temperature of CH regions, which is a byproduct of the open magnetic field lines, CHs can
be detected in extreme ultraviolet (EUV) imagery, where they appear as dark regions [Munro and Withbroe, 1972].
This has resulted in a large number of detection schemes which rely on EUV imagery, including those developed
by Krista and Gallagher [2009], Verbeeck et al. [2014], Lowder et al. [2014], Caplan et al. [2016], Boucheron et al.
[2016], Garton et al. [2018], Hamada et al. [2018], Grajeda et al. [2023]. Each of these methods is developed to address
difficulties with the segmentation process, including overcoming inconsistent intensities caused by stray light from
nearby regions, limb brightening, and instrument effects [Verbeeck et al., 2014, Caplan et al., 2016]. In addition to
these difficulties, the presence of filaments, which also appear dark in EUV but are not sources of solar wind, can result
in the misclassification of regions when using only EUV data [Krista and Gallagher, 2009, Reiss et al., 2023].

The open magnetic field lines present in CHs emerge from highly unipolar regions unlike magnetic fields in filaments
which are bipolar in nature. This has resulted in several methods that validate CH regions after detection through the
use of magnetic field data, removing non-CH regions as a post-hoc process in the pipeline [Scholl and Habbal, 2008,
Krista and Gallagher, 2009, Lowder et al., 2014, Garton et al., 2018, Hamada et al., 2018, Landeros et al., 2024]. With
that noted, direct application of magnetic field data during the initial detection and segmentation of CH regions remains
fairly limited, appearing predominately in Jarolim et al. [2021] where it serves as an additional channel alongside seven
EUV channels input to a network based on the U-Net architecture of Ronneberger et al. [2015]. The work presented here
proposes the incorporation of magnetic field data into the classical segmentation method first employed by Boucheron
et al. [2016] and extended in Grajeda et al. [2023] which is based on the Active Contours Without Edges (ACWE)
segmentation process of Chan and Vese [2001]. The ACWE-based method has already been shown to effectively
overcome the inconsistent intensity present in CH observations for the majority of cases and is shown to be robust
across short timeframes where CH evolution is expected to be minimal [Grajeda et al., 2023]. However, like all other
EUV-based methods, it can misidentify filament regions [Grajeda et al., 2023, Reiss et al., 2023]. Through the addition
of magnetic field data in both seeding and iterating of the ACWE process, the method proposed here reduces filament
contamination, first by eliminating many filaments outright and second by reducing the overall area of the filaments that
cannot be outright removed. Additionally, incorporation of magnetic field in the seeding and iterating of ACWE better
constrains the evolution to avoid including too much quiet Sun (QS) as CH.

The rest of this work is organized as follows: Section 2 provides an introduction to the ACWE segmentation, outlines
how this method was adapted for CH detection, and introduces the dataset that will be used to validate this work.
Section 3 outlines the process of incorporating magnetic field data into ACWE evolution and explores the resulting
effects. Section 4 outlines the process of incorporating magnetic field data into the initial seeding to help remove
filament contamination outright. The results from Sections 3 and 4 are used to develop a final pipeline, which is
discussed and validated in Section 5. Conclusions and discussion of future work is provided in Section 6.

2 Background

2.1 Active Contours Without Edges (ACWE)

The detection method proposed here is an extension of the ACWE algorithm developed by Chan and Vese [2001] and
first applied to CH detection in Boucheron et al. [2016]. At its most basic, ACWE is a two-step process designed to
separate an image into foreground (in our case the CHs) and background (the remaining solar features and all off-disk
areas). In the first step, one or more enclosed shapes, collectively called the contour (C), are defined. This contour acts
as an initial guess, with regions inside the contour (C+) serving as the foreground and regions outside of the contour
(C−) serving as the background. In the second step, the contour is refined by evaluating every pixel along the boundary
of the contour to determine if it is more similar to the pixels within the foreground or the background and redrawing C
accordingly. The second step is repeated until a stopping criterion, such as no evolution between iterations, is met.
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In the standard formulation of ACWE, the process of determining whether a pixel along the contour boundary belongs
to C+ or C− is decided using the ACWE energy functional:

F (m+,m−, C) = µℓ(C) + λH+

∫
C+

|I(x, y)−m+|2dxdy

+λH−
∫
C−

|I(x, y)−m−|2dxdy,
(1)

where I is the image. This equation summarizes three “forces” that act on C, giving each force a user-defined weight
that determines the relative importance in defining the final contour. The contour is manipulated in order to minimize
this energy functional. The first force,

µℓ(C), (2)
attempts to minimize the length of the contour ℓ(C), and uses the user-defined weight µ to determine its relative
importance. The second force,

λH+

∫
C+

|I(x, y)−m+|2dxdy, (3)

attempts to create a “homogeneous” foreground, where homogeneous is understood to mean a narrow range of intensities.
This is done by comparing every pixel of I(x, y) in C+, to the mean intensity of the foreground m+. This force is
subject to the user-defined weight λH+. The final force,

λH−
∫
C−

|I(x, y)−m−|2dxdy, (4)

mirrors the behavior of the second force (Equation 3), this time trying to create a homogeneous background by
comparing every pixel in C− to the mean intensity of the background m−. It is subject to the user-defined weight λH−.

In both Boucheron et al. [2016] and Grajeda et al. [2023], the initial contour (seed) is defined using an intensity threshold
applied to a 193 Å EUV image that has been corrected for limb brightening using the method from Verbeeck et al.
[2014]. This threshold defines all on-disk pixels with an intensity ≤ α×mQS (where α is a user-defined parameter
[typically 0.3] and mQS is an estimate of the mean intensity of the QS) as CHs. The contour is evolved using the
same 193 Å EUV image, after masking off-disk areas from the algorithm, and is stopped when either no evolution
has occurred between iterations or the only evolution that occurs consists of pixels along the boundary that oscillate
between foreground and background.

2.2 Dataset and Metrics

For this work we will be utilizing the dataset we previously developed in Grajeda et al. [2023]. This dataset contains
AIA Level 1 EUV images at 94, 131, 171, 193, 211, 304, and 335 Å, and the temporally corresponding 720-second
line-of-sight (LOS) HMI magnetograms, collected at a one-hour cadence from Carrington rotations (CRs) 2099, 2100,
2101, and 2133. We note that all magnetogram data have an observation time within ±2 s of the record time for the
corresponding EUV data. We also note that LOS magnetograms may report inaccurate magnetic field at the solar limb,
but that our method should be able to equivalently use radial magnetic field from vector magnetograms (an area of
future research). Our workflow will be the reverse of the process in Grajeda et al. [2023], tuning our proposed variant
of the ACWE algorithm to operate during CR 2133, which has a high level of filament activity, to ensure that this
version of the algorithm can minimize false positive detections. Once the algorithm is tuned, the observations from CRs
2099-2101 will be used to verify that the algorithm continues to perform effectively during the periods of low solar
activity where it previously excelled.

To allow for an accurate comparison between Grajeda et al. [2023] and this work, we will be utilizing the same four
metrics: intersection over union (IOU), structural similarity index measure (SSIM), global consistency error (GCE),
and local consistency error (LCE). Both IOU and SSIM report a value of 1 when two segmentations are identical, with
IOU serving as a stringent method that reports the overlap of the two segmentations normalized by total area and SSIM
providing a perceptual measure that is more consistent with the human visual system [Wang et al., 2004]. Both GCE
and LCE report a value of 0 when two segmentations are identical. GCE and LCE are designed to report minimal or no
error when one segmentation is a refinement of the other, with GCE serving as a more stringent metric [Martin et al.,
2001].

3 Quantifying Unipolarity via Active Contour Kinetics

Incorporation of magnetic field data into ACWE evolution requires two adjustments to the standard formulation
of ACWE. First, the ACWE algorithm must be altered to allow for vector-valued images so that EUV and HMI
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magnetogram data can be simultaneously considered. Second, the ACWE energy functional must be altered to maximize
unipolarity as expressed by the magnetic field data while still maximizing homogeneity in the EUV observation(s).

3.1 ACWE for Vector-Valued Images

The vector-valued formulation of ACWE was developed by Chan et al. [2000] by redefining the ACWE energy
functional as

F (m̄+, m̄−, C) = µℓ(C) +

∫
C+

1

N

N∑
i=1

λH+
i |Ii(x, y)−m+

i |
2dxdy

+

∫
C−

1

N

N∑
i=1

λH−
i |Ii(x, y)−m−

i |
2dxdy.

(5)

This new formulation evaluates the homogeneity of C+ and C− on a per-channel basis by comparing the pixels
(foreground and background, respectively) in each channel Ii of the vector-valued image I to the channel-specific means
m+

i and m−
i . Within this formulation the weights for the two homogeneity parameters are also defined on a per-channel

basis as λH+
i and λH−

i (foreground and background, respectively), allowing the user to adjust the relative influence
each channel’s foreground and background has on the final contour. It should be noted that when the total number of
channels N = 1, the formulation in Equation 5 reduces to the original ACWE energy functional in Equation 1.

3.2 Incorporating Magnetic Unipolarity

As originally formulated, the vector-valued version of ACWE only considers the homogeneity of the underlying region
within each channel. For this reason, the energy functional in Equation 5 must be modified to consider homogeneity
in EUV only, while instead considering unipolarity in the corresponding magnetograms. Forcing ACWE to ignore
homogeneity when evaluating the magnetic field can be accomplished by setting λH+

j = 0 and λH−
j = 0 where j is the

index of the HMI magnetogram data within the vector-valued image I . From there, a metric that minimizes when a
region becomes more unipolar can be added to the vector-valued energy functional (Equation 5).

We use the metric of Ko et al. [2014] as the basis for our measure of unipolarity. Ko et al. [2014] define unipolarity as:

U =
⟨|B|⟩ − |⟨B⟩|

⟨|B|⟩
, (6)

where ⟨·⟩ denotes mean, | · | denotes absolute value, and B is the magnetic field. This metric is bound to the range
[0, 1], where 0 indicates a purely unipolar region and 1 indicates a purely bipolar region. This ensures that increasing
unipolarity will minimize the energy functional.

In order to incorporate Equation 6 into the vector-valued energy functional in Equation 5, the effect of moving a pixel at
the contour boundary into or out of the foreground (CH) must be quantified. This means that both ⟨|B|⟩ and |⟨B⟩| must
be calculated on a per-pixel basis. This process can be simplified by relying on the fact that the mean of a vector x is
defined as

mx =
1

N

N∑
i=1

x(i) =

N∑
i=1

x(i)

N
. (7)

If the mean mxN−1
of a subset of x(i) for i = [1, N −1] has already been calculated, then the mean of the full ensemble

for i = [1, N ] can be expressed as

mxN
=

x(N) + (N − 1)mxN−1

N
. (8)

Using this formulation for the mean, the effect of a pixel I(x, y) along C on the unipolarity of the foreground (in the
ith channel) can be expressed as

∫
C+

1

N

N∑
i=1

λU+
i

|Ii(x,y)|+a+
i n+

n++1 −
∣∣∣ Ii(x,y)+m+

i n+

n++1

∣∣∣
|Ii(x,y)|+a+

i n+

n++1

dxdy, (9)

where a+i is the absolute mean of the foreground (of the ith channel), and n+ is the number of pixels in the foreground.
Note that we are using λU+

i to refer to the user-defined weight. Likewise, the unipolarity of the background can now be
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expressed as ∫
C−

1

N

N∑
i=1

λU−
i

|Ii(x,y)|+a−
i n−

n−+1 −
∣∣∣ Ii(x,y)+m−

i n−

n−+1

∣∣∣
|Ii(x,y)|+a−

i n−

n−+1

dxdy. (10)

Adding Equation 9 and Equation 10 to the vector-valued energy functional (Equation 5) yields our new energy
functional:

F (m̄+, m̄−, ā+, ā−, C) = µℓ(C) +

∫
C+

1

N

N∑
i=1

λH+
i |Ii(x, y)−m+

i |
2dxdy

+

∫
C−

1

N

N∑
i=1

λH−
i |Ii(x, y)−m−

i |
2dxdy

+

∫
C+

1

N

N∑
i=1

λU+
i

|Ii(x,y)|+a+
i n+

n++1 −
∣∣∣ Ii(x,y)+m+

i n+

n++1

∣∣∣
|Ii(x,y)|+a+

i n+

n++1

dxdy

+

∫
C−

1

N

N∑
i=1

λU−
i

|Ii(x,y)|+a−
i n−

n−+1 −
∣∣∣ Ii(x,y)+m−

i n−

n−+1

∣∣∣
|Ii(x,y)|+a−

i n−

n−+1

dxdy.

(11)

Here, note that there are foreground and background means for the EUV channel(s) and the HMI channel.

3.3 Effects of Magnetic Unipolarity on Segmentation

Following the pipeline established by Grajeda et al. [2023] for the creation of full-scale (4096 × 4096 pixels) CH
segmentations, we begin by verifying that the header information of the Level 1 193 Å EUV image is correct (and
updating it, if needed, using aiapy.calibrate.update_pointing), then converting to level 1.5 images using
aiapy.calibrate.register [Barnes et al., 2020]. From there, we correct for limb brightening using the method
of Verbeeck et al. [2014] and define the initial contour using the same threshold parameter (α = 0.3). Magnetic field
data are prepared by taking the corresponding HMI magnetogram and aligning it to the EUV observation using the
reprojection tool, reproject.reproject_interp, of Robitaille et al. [2020]. The EUV and HMI data are combined
into a two-channel image, with 193 Å EUV data in the first channel (i = 1) and HMI data in the last (i = 2). We
note here that Ko et al. [2014] calculated unipolarity using an estimate of the radial magnetic field. The results herein
presented are for the line-of-sight magnetic field, due to improved stability.

Matching Grajeda et al. [2023], off-disk areas in both channels are set to the mean intensity of the non-CH region.
This operation is performed on a per-channel basis, and reset every 10 iterations. Evolution is performed using the
same parameters as Grajeda et al. [2023] for contour length (µ = 0), and for 193 Å homogeneity (λH+

1 = 1 and
λH−
1 = 1/50). Additionally, for the EUV data, we set the unipolarity parameters λU+

1 = λU−
1 = 0. For the HMI

data, we set the homogeneity parameters λH+
2 = λH−

2 = 0, and define the unipolarity parameters as λU+
2 = 1, and

λU−
2 = 1/50.

The IOU, SSIM, GCE, and LCE between the full-scale 193 Å segmentations of Grajeda et al. [2023] and our EUV+HMI
segmentations, organized by CR, are presented in Figure 1. We note that, across all four metrics, CR 2133 displays the
largest median discrepancy. Given that filaments are most prevalent in CR 2133, this is consistent with the expectation
that the magnetic unipolarity parameters are reducing filament contamination. Visual inspection of the segmentation
pairs with the lowest IOU for CR2133, of which four samples are provided in Figure 2, confirms this speculation by
showing that filament regions, while still present, are consistently diminished to a small region surrounding the initial
seed.

Referring back to Figure 1, we note that that CR 2099 shows a large range between Q1 and Q3 in IOU, GCE, and
LCE, but not in SSIM. We also note that CR 2099 shows the second largest median discrepancy in IOU, but not in the
remaining three metrics. Both of these results are consistent with a change in overall CH area while retaining the overall
form or shape of the identified CHs. Grajeda et al. [2023] note that CR 2099 had the largest number of segmentations
that changed from targeting CHs to QS as a result of including excessive QS in C+. This may suggest that our new
formulation is reducing the growth of C+ into QS regions, which is another motivation for inclusion of magnetic field
into evolution rather than just post-hoc processing. Visual inspection of the segmentation pairs with the lowest IOU for
CR 2099, of which four samples are provided in Figure 3, also confirms this speculation.
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EUV and EUV & magnetogram

(a) Intersection Over Union
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(b) Structural Similarity
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(c) Global Consistency Error
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0.004

0.006

0.008

0.010

0.012

Local Consistency between
EUV and EUV & magnetogram

(d) Local Consistency Error

Figure 1: Comparison between full-scale segmentation results using only 193 Å data, and using both 193 Å and HMI
magnetogram data, organized by CR. The box outlines the range between Q1 and Q3, with the median value in orange.
The whiskers show 1.5 times the interquartile range. Outliers are marked with circles.
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(a) IOU:0.28476

(b) IOU:0.30002

(c) IOU:0.30628

(d) IOU:0.30823

Figure 2: Example of full-scale(4096× 4096 pixels) segmentation results using only 193 Å observations (center), and
using both 193 Å and HMI magnetogram observations (right) over CR 2133. In each figure the leftmost image is the
193 Å observation. The title of each figure is the record time for the EUV data.
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(a) IOU:0.05399

(b) IOU:0.34324

(c) IOU:0.34519

(d) IOU:0.34602

Figure 3: Example of full-scale (4096× 4096 pixels) segmentation results using only 193 Å observations (center), and
using both 193 Å and HMI magnetogram observations (right) over CR 2099. In each figure the leftmost image is the
193 Å observation. The title of each figure is the record time for the EUV data.
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In summary, incorporation of magnetic field information into ACWE (via a unipolarity metric operating on the HMI
data) appears to have had negligible impact on the segmentation of CHs. At the same time, incorporation of the magnetic
field appears to have minimized area of detected filaments and alleviated many cases of change of target. We will return
to both of these results in Section 4 after first considering effects of spatial resolution on segmentation accuracy.

3.4 Effects of Spatial Resolution on Segmentation Accuracy

As noted in Grajeda et al. [2023], the iterative nature of ACWE results in segmentations at full-scale (4096×4096 pixels)
taking several minutes to complete. Reducing the image to one-eighth-scale resolution (512 × 512 pixels) reduces
segmentation time to a matter of seconds. In EUV-only CH segmentations, Grajeda et al. [2023] note that this process
results in highly similar segmentations.

In order to determine the viability of using one-eighth-scale resolution images for EUV+HMI magnetogram segmenta-
tions, we replicate the pipeline of Grajeda et al. [2023] for producing segmentations at this reduced spatial resolution.
This is done by reducing the scale of the 193 Å image and the corresponding HMI magnetogram to 512× 512 pixels us-
ing the scikit-image function skimage.transform.resize [van der Walt et al., 2014] after aligning the observations,
but before correcting for limb brightening in EUV and before defining the seed using the EUV observation. We then
evolve the initial seed on the decimated images, using the same weights as Section 3.3. After each segmentation has
converged, it is upscaled back to the full 4096× 4096 pixel resolution and compared with the EUV+HMI magnetogram
segmentations developed in Section 3.3.

The effects of reducing spatial resolution on segmentation similarity for CR 2133 are summarized in Figure 4. Likewise,
the effects of reducing spatial resolution on segmentation similarity for CRs 2099-2101 are summarized in Figure 5.
In both figures, we provide similarity for bi-linear interpolation, noting that five additional interpolation methods
(nearest-neighbor, bi-quadratic, bi-cubic, bi-quartic, and bi-quintic interpolation) were also tested and yielded similar
results. We note here that the results in Figure 5 are consistent with the results in Grajeda et al. [2023], and that the
results in Figure 4 are improved, suggesting that decimation to one-eighth-scale resolution remains a viable method for
minimizing algorithm runtime despite (and in some cases, because of) the addition of decimated magnetogram data.

Visual inspection revealed the same three discrepancies between full- and reduced-resolution segmentations as in
Grajeda et al. [2023]: absence of smaller regions due to the downsampling process removing the dark pixels that
formed the initial seed, the presence or absence of spurious bright regions at different scales, and reduced fidelity
along the contour boundary due to the lower spatial resolution. All three effects are demonstrated in Figure 6. No new
discrepancies appear to have been added by introducing spatially downsampled HMI magnetogram data.

The first of the three effects, absence of smaller regions due to the downsampling process removing the dark pixels that
formed the initial seed, is especially prevalent in the case of filaments, which, due to their thin structure, are more likely
to lose dark pixels that form the initial seed when spatially downsampled. This effect explains the larger discrepancy that
Grajeda et al. [2023] found in full- and reduced-scale segmentations for CR 2133. In particular, the fact that addition of
HMI magnetogram data constrained filament evolution at the full-scale segmentation ensured higher similarity between
the filament-absent one-eighth-scale segmentations, and the filament-present full-scale segmentations.

Due to the aforementioned absence of some filaments in CR 2133 at one-eighth-scale resolution, we additionally studied
the effects of transferring the seed (initial contour) generated at full-scale resolution to the one-eighth scale resolution.
This is done to ensure that all filaments present in the full-scale segmentations are also present in the one-eighth scale
segmentations, and therefore to verify that the spatially-decimated HMI magnetogram data still proves effective at
correctly constraining the CH segmentations. Due to differing spatial resolutions (4096× 4096 pixels at full scale and
512× 512 pixels at one-eighth scale), the full-scale seed must be downsampled to the new resolution. Since every pixel
at the one-eighth-scale resolution represents an 8× 8 pixel patch of the original image, in order to ensure that even a
region represented with only one pixel in the full-scale seed is retained at the one-eighth-scale resolution, we apply
dilation using a 4× 4 pixel square using the scikit-image function skimage.morphology.dilation [van der Walt
et al., 2014] prior to downsampling the initial seed. The effects of this process are summarized in Figure 7. We note
that this process had minimal effect on SSIM, GCE, and LCE, but further improved IOU, suggesting that the added
filaments were constrained in the same manner as before. This is confirmed through a visual inspection of the data. We
provide, for reference, Figure 8, which provides the full-scale and one-eighth-scale segmentations generated utilizing
the seed-transfer process for the same four examples from Figure 2. Transferring the seed for the remaining three CRs
had no appreciable effect.

In summary, reducing the resolution of HMI magnetograms via standard image resizing procedures does not appear
to affect the segmentation performance. We note that this image decimation does not take into account magnetic flux
conservation (i.e., correction for differing areas of pixels across the disk), but appears to retain statistics relevant to
measures of unipolarity. Additionally, we find that a loss of seeds (individual regions in the initial contour) related to
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Figure 4: Comparison between full-scale (4096× 4096 pixels) segmentation results using both 193 Å and HMI magne-
togram data, and one-eighth-scale (512× 512 pixels) segmentation results using both 193 Å and HMI magnetogram
data for CR 2133. The box outlines the range between Q1 and Q3, with the median value in orange. The whiskers show
1.5 times the interquartile range. Outliers are marked with circles.
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Figure 5: Comparison between full-scale (4096× 4096 pixels) segmentation results using both 193 Å and HMI magne-
togram data, and one-eighth-scale (512× 512 pixels) segmentation results using both 193 Å and HMI magnetogram
data for CRs 2099-2101. The box outlines the range between Q1 and Q3, with the median value in orange. The whiskers
show 1.5 times the interquartile range. Outliers are marked with circles.
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Figure 6: Example of full-scale (4096 × 4096 pixels) and one-eighth-scale (512 × 512 pixels) segmentation both
generated using 193 Å and HMI magnetogram data. The title of the figure is the record time of the EUV data.

filaments does not appear to be the largest contributing source of this performance. Rather, it appears that reduced-
resolution HMI data retains relevant information for constraining evolution of the contour, reducing the contribution
of filaments. Since filaments are still included in the segmentations, albeit with reduced area, we now consider
incorporation of magnetic field information into the seeding process to further reduce filament contamination. This
reinforces the importance of incorporating magnetic field information throughout the process of CH segmentation rather
than as a post-hoc process.

4 Incorporation of Magnetic Field Data into the Seeding Process

Due to improved runtime and minimal effect on segmentation quality, we use the one-eighth-scale segmentations
for the second step (iterative refinement of the contour) in ACWE, even when utilizing HMI magnetogram data.
Additionally, due to reduced filament contamination in the initial contours generated at one-eighth-scale resolution, we
seed the algorithm after spatially downsampling the EUV and HMI magnetogram observations. With that noted, we
recognize that while this formulation has improved the quality of the segmentations generated using ACWE, filament
contamination, though minimized, persists. This section, therefore, explores the use of magnetic field data in initial
seeding in order to further reduce filament contamination.

4.1 Complications with Estimating Unipolarity from Initial Seeds

Predicting the unipolarity of a final evolved region through direct evaluation of the seed, regardless of the scale at
which seeding occurred, is not possible due to two issues. First, multiple seeds (individual regions in the seed/initial
contour) often contribute to a single CH. Second, these seeds are often small regions, and are therefore vulnerable to the
effects of small-scale statistics which results in erroneous estimations of unipolarity at the seeding stage. In order to
demonstrate this, we will briefly return to the EUV-only segmentations for the following two studies.

First, regardless of scale, multiple regions within the initial seed often contribute to a single CH or filament detection.
The effects of this are partially demonstrated in Figure 2, where the use of HMI magnetogram data minimized evolution
of filament regions, resulting in small areas around the initial seeds rather than the unified region seen in the EUV-only
segmentations of Grajeda et al. [2023]. Further demonstration of this behavior, however, can be shown by counting
the number of regions present in the initial seed and comparing that to a count of the number of regions present in
the final EUV-only segmentation. This comparison for CR 2133 is provided in Figure 9, for the full-scale EUV-only
segmentations, and Figure 10, for the one-eighth-scale EUV-only segmentations. In both figures the dashed-blue line
represents an ideal case where for every region in the initial seed, one region (CH or filament) is produced in the final
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Figure 7: Comparison between full-scale (4096 × 4096 pixels) segmentation results using both 193 Å and HMI
magnetogram data, and one-eight-scale (512×512 pixels) segmentation results using both 193 Å and HMI magnetogram
data for CR 2133 when the full-Scale seed is utilized to generate the one-eighth-scale segmentation. The box outlines
the range between Q1 and Q3, with the median value in orange. The whiskers show 1.5 times the interquartile range.
Outliers are marked with circles.
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Figure 8: Effects of seed transfer on EUV+HMI magnetogram segmentations generated at one-eighth-scale (512×
512 pixels) resolution (right), compared to the corresponding full-scale segmentations (center). In each figure the
leftmost image is the 193 Å observations. The title of each figure is the record time for the EUV data.
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Figure 9: Scatter plot showing the number of regions in the initial seed (x-axis) and number of regions in the final
segmentation (y-axis) for EUV-only segmentation at full scale (4096× 4096 pixels) for CR 2133. The color of each
point denotes the number of images in the dataset that had that specific number of input regions versus that specific
number of output regions. The diagonal line is the x = y line, representing the case where for every region in the initial
seed there is exactly one region in the final segmentation.

segmentation. Any cases above this line would represent a case where there were more regions in the final segmentation
(region splitting), while any case below this represents an example of more regions in the initial seed compared to the
final contour (region merging). We note that region splitting does not occur, however region merging is prevalent within
the data.

Multiple seeds contributing to a single CH is only problematic due to the fact that it exacerbates the second issue:
small-scale statistics. It is reasonable to assume that regions in the initial contour with close physical proximity are part
of the same final region, however, we note that regions with a large physical distance between them can belong to the
same solar feature. In the counts for Figure 9 and Figure 10, we account for proximity by defining a region in the same
manner as we did in Grajeda et al. [2023], namely a region, whether in the initial seed or in the final segmentation,
consists of all pixels that will become a single eight-connected component when dilated with either a 40× 40 pixel
square at full scale, or a 5× 5 pixel square at one-eighth scale. This same definition is applied for the plots in Figure 11
(full scale) and Figure 12 (one-eighth scale) which show scatter plots of initial versus final unipolarity for each region
in the EUV-only segmentations.

We note that both Figure 11 and Figure 12 indicate regions with a high final (y-axis) value across all initial (x-axis)
unipolarity values. This indicates that bipolar regions may appear to have any unipolarity, including high unipolarity,
when evaluating the initial seed. We also note, referring to the cluster along the y-axis of Figure 11, that regions
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Figure 10: Scatter plot showing the number of regions in the initial seed (x-axis) and number of regions in the final
segmentation (y-axis) for EUV-only segmentation at one-eighth scale (512× 512 pixels) for CR 2133. The color of
each point denotes the number of images in the dataset that had that specific number of input regions versus that specific
number of output regions. The diagonal line is the x = y line, representing the case where for every region in the initial
seed there is exactly one region in the final segmentation.

reporting high unipolarity at the initial seed are especially prevalent at the full-scale resolution. This explains why the
initial seeds in filament regions remain, even when evolving using both EUV and HMI magnetogram observations. The
significantly smaller number of observations on the y-axis of Figure 12 provides further indication that seeding at the
reduced one-eighth-scale resolution helps to minimize filament contamination.

In summary, we have demonstrated that multiple seeds contribute to a final evolved region (be it a CH or a filament).
Furthermore, we have shown that initial seeds may provide an inaccurate estimate of the unipolarity of the final region,
mainly due to small-sample statistics. In light of these results, we now consider a means to remove regions associated
with filaments from the ACWE evolution.

4.2 Determining Region Evolution

In order to determine if filament regions can be removed during evolution, instead of as a post-hoc process, the
unipolarity of every region as a function of number of iterations was calculated for both the EUV-only and EUV + HMI
magnetogram segmentations. This was achieved by saving a copy of the contour after each iteration (assuming seeding
and iteration at one-eighth-scale resolution). Once the output of each iteration was obtained, the segmentations were
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Figure 11: Scatter plot showing the line-of-sight unipolarity of the initial seeds (x-axis) versus the line-of-sight
unipolarity of corresponding region in the final segmentation (y-axis) for EUV-only segmentation at full scale (4096×
4096 pixels) for all seed regions in CR 2133.

resized to the full-scale resolution, and the line-of-sight unipolarity of each region was calculated using the original,
full-scale HMI magnetogram observation.

Figure 13 provides two examples of the change in measured unipolarity of a filament region as a function of ACWE
evolution and the corresponding change in area measured in pixels at the full-scale resolution. For both examples we
provide the line-of-sight unipolarity, calculated from the HMI magnetogram via Equation 6, and a weighted unipolarity,
weighting regions near disk center (where estimates of magnetic field strength are more accurate) using the method
outlined in the SunPy documentation [The SunPy Community, 2024] as functions of the number of iterations on the
left panel of each example. In the right panel of each example, we provide the area of the region as a function of the
number of iterations.

The two examples in Figure 13 were chosen to demonstrate the two primary behaviors noted among filaments in CR
2133. The first case, seen in Figure 13a, consists of regions that quickly become bipolar as they evolve. In these cases,
minimal evolution, even with spatially-decimated HMI magnetogram data, causes the region to quickly become bipolar.
We note that when this occurs, the spatially-decimated HMI magnetogram further constrains evolution as compared to
an EUV-only evolution, preventing further growth of the region. In these cases the filament region can be identified and
removed after very few iterations. This case is representative of most filaments found in CR 2133.

The second case, represented in Figure 13b, consists of regions that take several iterations before they can be correctly
identified as filament regions. In these cases the spatially-decimated HMI magnetogram data often prevents the region
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Figure 12: Scatter plot showing the line-of-sight unipolarity of the initial seeds (x-axis) versus the line-of-sight
unipolarity of corresponding region in the final segmentation (y-axis) for EUV-only segmentation at one-eighth-scale
(512× 512 pixels) for all seed regions in CR 2133.

from evolving before it can be correctly identified as a bipolar region. Using EUV only evolution, these cases typically
become large enough to correctly identify in < 50 iterations. Due to the presence of filament regions with the behavior
seen in Figure 13b, we remove potential filament regions after evolving the contour for 50 EUV-only iterations. To
allow for the variation in measured unipolarity seen in both examples in Figure 13 and in other similar cases, we remove
regions with a unipolarity U ≥ 0.8.

Interestingly, we additionally note in Figure 13 that the incorporation of magnetic field appears to result in faster
convergence. While definitive reasons for this are unclear, we hypothesize that it is due to a combination of two factors.
First, estimates of the CH are now more conservative in general since the evolution is guided away from QS regions by
the unipolarity constraint. Second, there are now two forces (homogeneity and unipolarity) that are both acting on the
contour, guiding it to a stable (albeit smaller) solution faster.

In summary, inclusion of HMI data and the unipolarity term in the energy functional constrains evolution of filament
regions to remain small and isolated around the initial seed (which is determined based solely on EUV intensity). That
constraint, however, can result in the area remaining too small for accurate statistics in the computation of unipolarity,
resulting in misidentification of filaments as small CHs. These results indicate that a seed filtering process to remove
filaments can utilize initial evolution with only EUV data, removal of regions with insufficient unipolarity, and evolution
of remaining regions to convergence. This process is elaborated on in the next section.
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(a) Example of quickly changing unipolarity
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(b) Example of slowly changing unipolarity

Figure 13: Region unipolarity (left) and region size in pixels (right) as a function of iteration for EUV-only and
EUV+HMI magnetogram segmentations generated at one-eighth scale resolution.
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5 Updated ACWE Segmentation Method

5.1 Updated Pipeline

Based on the results from Section 4.2, which demonstrate that the initial seed does not provide sufficient information to
correctly identify filaments, and the results from Section 3.4, which demonstrate that decimated HMI magnetogram
data still constrains CH evolution to highly unipolar regions, we develop the following ACWE pipeline:

1. Open and, if needed, update all observations to ensure correct header information, consistent solar radii, and
that all observations are oriented so that solar north is at the top of the image.

2. Resize all observations to 512× 512 pixels.

3. Correct EUV observation(s) for limb brightening.

4. Generate initial seed using EUV observation(s).

5. Combine all observations into a vector-valued image.

6. Mask off-disk areas and evolve using only the EUV observation(s) until the the unipolarity of each region can
be accurately estimated, approximately 50 iterations. These initial iterations set λU+

j = λU−
j = 0 where j is

the index of the HMI magnetogram data, and evolve using Equation 11 as the energy functional.

7. Identify and remove bipolar regions.

8. Continue evolving using both EUV and HMI magnetogram data (by setting λU+
j and λU−

j to non-zero values)
until convergence.

We note that every ten iterations, both when evolving only EUV data and when evolving with both EUV and HMI
magnetogram data, we reset the intensity of the off-disk regions to the channel-specific mean of the non-CH, on-disk
region.

5.2 Results

For the results in this section, we use the EUV 193 Å observation, seed using α = 0.3, and perform EUV-only evolution
for 50 iterations using the homogeneity parameters from Section 3.3 before removing regions with a line-of-sight
unipolarity metric ≥ 0.8. We perform the full EUV+HMI magnetogram evolution on the remaining regions using the
weights from Section 3.3 for all parameters. Figure 14 summarizes the similarity between the one-eighth-scale seeded
and evolved EUV+HMI magnetogram segmentations in Section 3.4, and the segmentations generated here for CR
2133. We note that the median IOU and SSIM are both one (1) and that the median GCE and LCE are both zero (0),
indicating that the vast majority of segmentations are identical. This is consistent with the expectation that seeding
at one-eighth-scale already removed the majority of filaments (see Section 3.4). Figure 15 provides samples of the
segmentations with differences between the methods. We note that the regions that are missing as a result of filtering the
seed are regions that appear highly bipolar based on line-of-sight, full-scale magnetogram data. Referencing Figure 15c,
we further note that this can, in rare cases, result in the loss of observations near disk edge. Exploration of a variable
unipolarity threshold that is a function of distance from disk center is therefore an area of future research.

Noting that IOU is the most stringent of the four metrics, we provide the comparisons between EUV+HMI magnetogram
data with and without seed filtering for all for CRs as box plots in Figure 16 and as 200-bin histograms in Figure 17.
Visual inspection of all segmentations with discrepancies revealed that the majority of missing regions consisted of
small regions that appear highly bipolar in full-scale line-of-sight magnetogram data. The remaining missing regions
consisted of regions along the disk edge. All regions that were retained, in every CR, appeared visually identical.

6 Conclusions and Future Work

Through the incorporation of magnetic field information, this new formulation of the ACWE algorithm is able to
simultaneously consider region homogeneity in EUV and unipolarity in the magnetic field when delineating between
CHs and other solar features. By relying on the fact that CHs appear as dark, homogeneous regions in EUV and as
unipolar regions within the magnetic field, this method is able to produce more robust segmentations by retaining CH
observations while simultaneously reducing the total area of false positive detections such as surrounding QS (seen in
CR 2099) and filaments (seen in CR 2133).

Furthermore, we note that these benefits are retained even with aggressive spatial rescaling of both EUV and HMI
magnetogram data to one-eighth of their original size (or 512× 512 pixels). This rescaling offers two benefits. First,
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Figure 14: Comparison between one-eighth-scale seeded and evolved EUV+HMI magnetogram segmentations and
EUV+HMI magnetogram segmentations generated from a filtered seed over CR 2133. The box outlines the range
between Q1 and Q3, with the median value in orange. The whiskers show 1.5 times the interquartile range. Outliers are
marked with circles.
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(a) U1 = 0.9553

(b) U1 = 0.9128, U2 = 0.9972

(c) U1 = 0.9866, U2 = 0.8861

Figure 15: Example of segmentations from CR 2133 generated from EUV and HMI magnetogram observations without
filtering the initial seed (center) and with seed filtering (right). The caption under each example provides the unweighted
line-of-sight unipolarity of the missing regions in order of right to left, top to bottom.
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Figure 16: Intersection Over Union between one-eighth-scale seeded and evolved EUV+HMI magnetogram segmen-
tations, and EUV+HMI magnetogram segmentations generated from a filtered seed for each CR. The box outlines
the range between Q1 and Q3, with the median value in orange. The whiskers show 1.5 times the interquartile range.
Outliers are marked with circles.
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Figure 17: Intersection Over Union between one-eighth-scale seeded and evolved EUV+HMI magnetogram segmenta-
tions, and EUV+HMI magnetogram segmentations generated from a filtered seed for each CR.
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like with the prior formulation of ACWE for CH detection [Grajeda et al., 2023], the ability to produce meaningful
segmentations at a reduced spatial resolution greatly increases algorithm efficiency. Second, we note that operating at a
reduced spatial resolution provides an automatic reduction of filament false-positive detections due to the fact that the
thin structure of these filaments increases the likelihood that dark pixels will not be retained at the lower resolution,
thus eliminating them from the initial threshold-based seed outright. Even when not eliminated, however, the fact that
meaningful segmentations are produced at a reduced spatial resolution ensures that filaments that are misidentified
in the initial seed are still constrained, thus minimizing overall contamination. With the addition of seed filtering to
eliminate non-unipolar regions, filament contamination can be further reduced without compromising the identified CH
regions.

With this noted, there are still several areas of potential improvement. First, we note that the seed filtering process
herein proposed can eliminate CHs near disk edge that would otherwise be correctly segmented. Addressing this issue
may require a variable unipolarity threshold that takes into account the location of the region with respect to disk center.
Second, we note that this method relies on line-of-sight magnetic field data, and hope to explore the use of an estimate
of radial magnetic field data in future research to determine if this can further improve segmentations near the limb.
Finally, we note that the previous formulation of ACWE [Grajeda et al., 2023] provided the ability to quantify the
uncertainty of detection based on the homogeneity of any given region compared to adjacent CH regions identified
in the initial seeding process. We hope to reintroduce this ability in a future implementation of this expanded ACWE
algorithm, leveraging this algorithm’s ability to minimize inclusion of QS regions in order to minimize change of target
cases and better characterize the CH region.
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