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Abstract : The disparity in spatial resolution between the SOHO/MDI and SDO/HMI magnetograms
creates inconsistencies that hinder reliable long term studies of solar magnetic fields and reduce flare
forecasting. To solve this problem, the MagRes-Net a hybrid super-resolution Network that uses con-
volutional neural networks (CNNs) to extract features locally and transformer-based self attention to
extract global gradients. The designed network reconstructs high-resolution magnetograms from lower
resolution images while maintaining physical structures realistic features of the magnetic field. The model
is trained using MDI-HMI co-aligned image pairs and implemented physics-aware constraints into the
model, such as gradient consistency, and magnetic flux conservation. Through quantitative evaluations,
MagRes-Net was better than interpolation and CNN-based methods in terms of peak signal-to-noise
ratio (PSNR), mean squared error (RMSE), Learned Perceptual Image Patch Similarity (LPIPS) and
structural similarity index measure (SSIM). Quantitatively, AR coverage increases from 12.23% in native
MDI observations to 13.25% in the super-resolved output, approaching the SDO/HMI reference value
of 14.48%. it indicates the model successfully recovers resolution-dependent attributes. Additionally,
spectral, noise robustness and perceptual analyses demonstrated that MagRes-Net preserves structure
at all frequencies, and thus can improve resolution dependent magnetic diagnostic techniques, including;
continuity of polarity inversion lines, morphology of strong field regions, and magnetic flux distribution.
Therefore, these results demonstrate that the proposed method bridges the cross-instrument resolution
disparities, allowing for the creation of homogeneous magnetogram data sets that are capable for long
term studies relevant for solar activity and improved flare forecasting.

Keywords: Solar Flares, Forecasting; Magnetic Fields, Photosphere; Active Regions, Magnetic Fields;
Image Processing; Data Analysis; Deep learning; Magnetograms; Super Resolution; Resolution Enhance-
ment

Article Highlights

• Hybrid CNN–Transformer super-resolution reduces the MDI–HMI domain gap while preserving
magnetic topology.

• Physics-aware diagnostics show improved flux consistency and PIL continuity approaching the HMI
reference.

• Spectral and robustness tests indicate stable frequency-domain fidelity under noise perturbations.

1. Introduction

Solar eruptions phenomena are a sudden release of the magnetic energy accumulated on the Sun’s surface
in areas that are typically referred to as Active regions. Solar flares are rapid emissions of magnetic
energy, since these eruptions can have an impact on technology on earth, such as satellites and power
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grids, there is a need for accurate prediction. However, it is difficult to measure the coronal magnetic
fields directly. Thus, photospheric magnetograms serve as the best proxy to determine the magnetic
complexity at the base of the corona and how it evolves before a major eruption occurs. (Schrijver 2007;
Bobra and Couvidat 2015).Numerous studies have demonstrated that flare-productive active regions
are statistically associated with strong-field concentrations, large unsigned magnetic flux, and extended
polarity inversion lines (PILs) exhibiting steep magnetic-field gradients, which act as proxies for magnetic
shear and non-potentiality Long-term investigations of solar magnetic variability and flare occurrence
require magnetogram observations that remain consistent across multiple instruments and solar cycles.
The SOHO/MDI instrument provides an invaluable pre-SDO archive, whereas SDO/HMI defines the
modern reference standard for high-resolution magnetic-field measurements (Scherrer et al. 1995, 2012).
However, the substantial spatial-resolution difference between MDI and HMI introduces a practical gap
between instruments. Single-image super-resolution (SR) offers a data-driven approach for mitigating
this mismatch by learning a mapping from low-resolution to high-resolution observations. Deep CNN-
based SR initiated with SRCNN (Dong et al. 2016) demonstrated strong improvements, with residual
and attention-based models further enhancing performance (Lim et al. 2017; Zhang et al. 2018).

Transformers provide a complementary mechanism by modelling nonlocal dependencies. Vision Trans-
formers capture long-range context (Dosovitskiy et al. 2021), while Swin Transformers improve efficiency
via shifted windows (Liu et al. 2021). These ideas were adapted to SR through SwinIR (Liang et al.
2021). Unlike conventional SR approaches focused primarily on visual reconstruction, this study treats
magnetogram enhancement as an instrument-bridging problem motivated by space-weather applications.

2. Related Work

2.1. Learning-based SR for solar magnetograms

Physics-aware SR considerations were emphasised in early MDI/HMI bridging studies (Jungbluth et
al. 2019). SR was also applied via degradation-and-reconstruction strategies (Rahman et al. 2020).
Gradient-guided and structure-preserving strategies were later introduced for MDI→HMI enhancement
(Dou et al. 2022), while attention-aided CNNs improved fidelity on active-region magnetograms (Xu et
al. 2024). Full-disk enhancement has also been explored (Qin et al. 2024). Recent physically motivated
efforts also explicitly target both super-resolution and cross-instrument calibration to enable homo-
geneous long-baseline magnetogram diagnostics across observing eras (Munoz-Jaramillo et al. 2024).
More recently, diffusion-style SR emerged as an uncertainty-aware alternative (Ramunno et al. 2025).
Related to the instrument-bridging objective, unpaired instrument-to-instrument translation has also
been demonstrated as a pathway to homogenize multi-instrument solar observations without requiring
strict co-temporality (Jarolim et al. 2025).

Deep learning has also been widely explored for enhancing and denoising solar observations beyond
magnetograms, demonstrating that learned priors can recover fine-scale structure while suppressing
instrumental noise and degradations (Díaz Baso and Asensio Ramos 2018; Asensio Ramos and Díaz
Baso 2019).

2.2. CNN and ViT-Transformer SR backbones

CNN-based SR began with SRCNN (Dong et al. 2016), followed by deeper residual networks such as
EDSR (Lim et al. 2017). Channel attention was introduced through RCAN (Zhang et al. 2018). Global
context modelling via Transformers was introduced through ViT (Dosovitskiy et al. 2021) and Swin
Transformer (Liu et al. 2021), later adapted to SR via SwinIR (Liang et al. 2021).

As seen in Table 1, recent methods for super-resolving solar magnetograms follow one of two main di-
rections: local-detail enhancement or probabilistic reconstruction. Local fidelity improvement techniques
based on CNNs often lack long-range spatial consistency, whereas diffusion-based techniques can model
uncertainty but come with greater computational cost and reduced interpretability. Physically motivated
calibration frameworks exist, but they are not optimized for high-fidelity super-resolution. The proposed
MagRes-Net framework addresses this gap by modelling both local and global magnetic structures while
incorporating physics-aware constraints for more meaningful magnetogram reconstruction.



Table 1.
Comparison of representative prior super-resolution approaches for solar magnetograms and the proposed MagRes-
Net framework. The table highlights methodological differences, physical constraints, and key limitations.

(a) Representative prior state-of-the-art super-resolution approaches for solar magnetograms

Work Target Method Physics Limitation

(Díaz Baso and Asensio
Ramos 2018)

HMI
(synthetic)

CNN SR PSF-aware Synthetic bias

(Jungbluth et al. 2019) MDI→HMI Physics SR Explicit
constraints

Low capacity

(Rahman et al. 2020) HMI CNN+GAN Indirect
validation

Weak physics

(Dou et al. 2022) MDI→HMI Gradient SR Polarity aware Local-only

(Xu et al. 2024) AR Attention CNN Strong-field Patch-based

(Qin et al. 2024) Full disk Regression SR Correlation
metrics

Over-smoothing

(Munoz-Jaramillo et al.
2024)

Cross-inst. ML calibration Strong physics Not SR-focused

(Ramunno et al. 2025) Magnetograms Diffusion SR Uncertainty Expensive

(b) Proposed MagRes-Net Model

Aspect Architecture Key Strength Physics Awareness Current
Limitation

MagRes-Net Hybrid
CNN–Transformer SR
with attention-guided
feature fusion

Targets MDI→HMI
and Captures local
gradients and global
magnetic topology

Flux preservation,
gradient consistency,
PIL structure, spectral
fidelity

Temporal
validation
remains to be
investigated.

3. Data Set and Preprocessing

Motivated by these developments, the present work proposes MagRes-Net, a hybrid architecture
combining CNN locality bias with Transformer global receptive fields tailored to solar magnetograms.

Figure 1. Co-temporal line-of-sight (LOS) magnetogram submaps of NOAA AR 11121 (06 November 2010), illustrating the
resolution gap between SOHO/MDI and SDO/HMI observations. Left: lower-resolution MDI input, which under-resolves
compact flux elements and sharp polarity transitions. Right: higher-resolution HMI reference used for super-resolution
training and evaluation.



Figure 2. Preprocessing pipeline used to construct paired low- and high-resolution magnetogram samples. The workflow
includes temporal pairing, WCS-based co-alignment, active-region ROI extraction, clipping, and normalisation prior to
super-resolution training.

Co-temporal SOHO/MDI and SDO/HMI LOS magnetograms were paired within a ±8 min temporal
window to minimise discrepancies caused by short-term solar evolution. A representative example of the
native resolution gap between the two instruments is shown in Fig. 1, while the overall preprocessing
workflow used to generate paired training samples is summarized in Fig. 2. Observations with heliographic
longitudes |λ| > 60◦ were excluded to reduce projection effects near the solar limb, and corrupted or
incomplete records were removed during quality control.

Spatial co-alignment between MDI and HMI magnetograms was performed using World Coordinate
System (WCS) metadata to ensure pixel-level correspondence between low-resolution inputs and high-
resolution references (Thompson 2006). Active-region cutouts were extracted from the aligned maps,
resulting in 16,574 co-registered samples of size 128 × 128 pixels. After visual and statistical quality
screening, 8,287 high-quality pairs were retained, from which 5,232 activity-rich submaps were selected
for model training and evaluation.

The magnetogram values were clipped to a value of ±3000 G to remove extreme outliers while
preserving strong-field regions. The clipped data were then normalized to the range [−1, 1] to stabilize
network training. After reconstruction, outputs were de-normalized back to physical units (Gauss) to
enable direct quantitative comparison.

The split into train/validation/test was performed at the active-region level rather than at the patch
level. Therefore, no overlap occurs between active regions used for training, validation, and testing,
providing a more reliable estimate of model generalization.

AR 11121 on 06 November 2010 was selected as the case study because it provides a suitable test-bed
for evaluating the preservation of compact flux concentrations, extended PIL morphology, and flare-
relevant gradient structure.

4. Methodology

The MagRes-Net architecture is designed to reconstruct high-resolution solar magnetograms from low-
resolution observations of the same regions while preserving the underlying physical structure of magnetic
systems. Solar magnetograms exhibit features on many spatial scales across the solar surface, so an
effective super-resolution method must incorporate both fine-scale local gradient information and large-
scale global structural context. To meet these demands, MagRes-Net integrates convolutional feature
extraction with global context modeling through a Transformer-based framework, forming a hybrid
model.

The complete pipeline consists of five main stages: shallow feature extraction, Transformer-based global
representation learning, convolutional local feature refinement, attention-guided feature fusion, and final
reconstruction through pixel-shuffle upsampling. The overall architecture is illustrated in Fig. 3.



Figure 3. Overall architecture of MagRes-Net. The network processes a low-resolution MDI magnetogram through shallow
feature extraction followed by two parallel branches. Their features are fused using an attention-guided Feature Fusion Block
and subsequently refined through reconstruction convolution and pixel-shuffle upsampling to generate the super-resolved
magnetogram.

4.1. Shallow Feature Extraction

Given an input low-resolution magnetogram ILR ∈ R
H×W , the network first extracts shallow spatial

features using a 3× 3 convolutional layer:

F0 = Conv3×3(ILR) (1)

The first step in generating a feature map F0, is to preserve the spatial resolution of the input with
increased dimensions. Shallow feature extraction layers capture primary edge features and magnetic
gradient information necessary for subsequent reconstruction processes. By using a small receptive field
at this point of processing; the local magnetic structure will be retained prior to applying higher level
feature transformations.

4.2. Transformer Global-Context Branch

The relationships among magnetic field configurations of active region of the sun in terms of both
scale and topological relationship with surrounding larger-scale structures depend on a large range of
spatial relationships. Because convolutional operations typically cannot capture these longer-range spatial
relationships, a Transformer-based branch is incorporated into MagRes-Net to capture the contextual
relationships at large scale among spatially distributed tokens based upon their positions in the embedded
token space that has been produced by mapping the initial shallow feature map F0 as shown below:

T0 = Embed(F0) (2)

Each token represents a local patch of the magnetogram. Tokens are processed using Transformer
blocks composed of multi head self attention (MHSA) and feed forward multilayer perceptron layers with
residual connections and normalization layers. The MHSA mechanism computes pairwise relationships
between tokens:

Attention(Q, K, V ) = Softmax

(
QKT

√
d

)
V (3)

where Q, K, and V denote query, key, and value matrices derived from token embeddings. The MHSA
enables the network to model global interactions between spatially distant magnetic regions, which is
especially useful in capturing coherent active region morphology. The Transformer based representations
have demonstrated high performance in modeling long range dependencies for image restoration and
super resolution tasks (Dosovitskiy et al. 2021; Liu et al. 2021).

4.3. CNN Local-Gradient Branch

While Transformers do represent the global dependency, there are additional requirements to accurately
reconstruct the local magnetic gradient and the boundary for sharp polarity. The parallel convolutional
branch uses stacked convolutional blocks to process the shallow feature. As such, each of the blocks
include a 3× 3 convolution; nonlinear activation; and normalization, which will be described below. To
bring together the local and global representation, the fusion strategy illustrated in Fig. 4 was employed.

Fi+1 = σ(BN(Conv3×3(Fi))) (4)



These layers improve on local structure details in each layer so that the network can find where to
expect finer scale flux concentrations and polarity reversal lines. Convolutional operation is well suited
to model local spatial continuity and gradients based upon local features; these are two of the primary
characteristics of solar magnetogram data.

Figure 4. Feature Fusion Block used to integrate CNN and Transformer features. After feature concatenation, a 1 × 1
convolution aligns channel representations, followed by Efficient Channel Attention (ECA) for adaptive channel weighting.
A 3×3 convolution further refines the fused representation, while residual connections preserve original feature information.

4.4. Feature Fusion Block

The outputs from the CNN and Transformer branches are combined using the Feature Fusion Block
(Figure4) after they have been independently extracted as features. The purpose of this block is to
merge representations of complementary information from each branch while suppressing redundant or
noisy activations. The CNN feature Fcnn, and the Transformer feature Ftr are first concatenated along
channels:

Fcat = [Fcnn; Ftr] (5)

To reduce dimensional redundancy and align channel representations, a 1× 1 convolution is applied:

a = 1 (6)

Fproj = Conva×a(Fcat) (7)

This projection step performs channel mixing and dimensionality reduction while preserving spatial
resolution.

4.5. Efficient Channel Attention

The use of Channel Attention Mechanisms enables the network to focus on the relevant information,
while minimizing the impact of non-relevant information. The use of an Efficient Channel Attention
(ECA), from Wang et al. (2020), (Wang et al. 2020) for MagRes-Net, allows ECA to provide channel-
wise attention without a need for a dimensionality reduction. Figure 5, shows how the global average
pooling method first gathers the spatial information:

zc =
1

HW

H∑

i=1

W∑

j=1

Fc(i, j) (8)

A lightweight 1D convolution models cross-channel interactions to generate attention weights:

w = σ
(

ConvaD(z)
)

, a = 1 (9)

These weights are then applied to rescale the feature channels:

Feca = w ⊙ Fproj (10)

The network can be able to give greater priority to magnetically relevant aspects such as strong-field
areas and polarity boundaries while reducing noise.



Figure 5. Efficient Channel Attention (ECA) mechanism used in the fusion module. Global average pooling summarizes
channel statistics, which are processed through a lightweight convolution to generate adaptive channel-wise scaling weights.

Algorithm 1 Multi-scale smoothing for robust PIL extraction

Require: LOS magnetogram M (FITS); ROI corners r1, r2; thresholds τ+, τ−; Gaussian scales S =
{s1, s2, s3}; gradient floor gmin; minimum contour length Lmin

Ensure: Binary PIL mask Π
1: B ← CropWCS(M, r1, r2)
2: Ω+ ← [B > τ+]; Ω0 ← [τ− ≤ B ≤ τ+]; Ω− ← [B < τ−]
3: for all s ∈ S do
4: Fs ← Gauss(B, s)

5: B̃ ← Ω+ ⊙ Fs1
+ Ω0 ⊙ Fs2

+ Ω− ⊙ Fs3

6: Π0 ← ZeroContour(B̃)
7: G← ∥∇B̃∥
8: Π1 ← Π0 ∧ [G > gmin]
9: Π← RemoveSmall(Π1, Lmin)
10: return Π

4.6. Robust PIL Extraction

The PIL extraction algorithm is shown in Algorithm 1 , the PILs show areas where the magnetic field
(Bz) has changed signs. They are often used as indicators for complex magnetic structures and flare
activity. After an active region area is cropped from the magnetogram data that was reconstructed from
WCS coordinates, the area is separated into areas with positive, neutral and negative polarity. The
segmentation map will be filtered using a multilevel Gaussian filter to remove noise at the pixel scale
while retaining the large-scale structures. Once the filtering is done, a combined magnetic field map can
be made. The zero level contours of this combined map can now be used to define candidate inversion
lines. Weak gradient crossings may not have physical polarity transitions, the gradient magnitude of
the composite field is computed and weak-gradient crossings are rejected. Finally, short isolated contour
fragments are removed using a minimum-length threshold, producing a binary PIL map suitable for
quantitative analysis of flare-relevant properties such as PIL length and gradient-weighted complexity.

Algorith 1 summarizes the robust procedure adopted to extract polarity inversion lines (PILs) from
reconstructed magnetograms.

4.7. Reconstruction and Upsampling

After feature fusion and refinement, the aggregated representation is passed through a reconstruction
convolution layer followed by a pixel-shuffle upsampling module. Pixel shuffle rearranges feature channels
into spatial resolution, enabling efficient sub-pixel convolution-based upscaling (Shi et al. 2016). The final
high-resolution magnetogram ÎHR is obtained as

ÎHR = PixelShuffle(Conv3×3(Feca)) (11)



Table 2. Hyperparameters for training MagRes-Net.

Setting Value

Patch size 128 × 128; upsampling s = 4

Data split 4000 / 616 / 616 (train/val/test)

Optimizer AdamW; LR 2 × 10
−4 (cosine); WD 10

−4

Training Batch 16; 100 epochs

CNN branch 8 blocks; 64 channels

ViT branch Embed 96; 4 heads; 4 blocks

Upsampling Pixel-shuffle

4.8. Training Objective and Physical Constraints

Precise super-resolution of photospheric magnetograms requires both pixel-level reconstruction accuracy
and preservation of physically meaningful magnetic structure. To achieve this, the training objective
combines multiple loss components. The Hyperparameters for training is mentioned in Table 2.

The primary reconstruction loss is the Charbonnier loss:

Lchar =
1

N

N∑

i=1

√(
Î

(i)
HR − I

(i)
HR

)2

+ ϵ2 (12)

To encourage structural fidelity, a gradient-consistency loss is added:

L∇ = ∥∇ÎHR −∇IHR∥1 (13)

Additionally, a magnetic-flux conservation term is introduced to penalize deviations in the total signed
magnetic flux:

LΦ = |Φ(ÎHR)− Φ(IHR)| (14)

The total optimization objective is therefore

L = Lchar + λ∇L∇ + λΦLΦ (15)

4.9. Training Details

All model variants were trained for 100 epochs using the AdamW optimizer with learning rate 2× 10−4,
β1 = 0.9, β2 = 0.999, and weight decay 10−4. The learning rate was scheduled using cosine decay with a
short warm-up phase. The weighting parameters were set to λ∇ = 0.10 and λΦ = 0.05 in all experiments.

This training strategy enables the model to balance pixel-wise reconstruction accuracy with preserva-
tion of physically meaningful magnetic structures.

5. Evaluation Metrics

5.1. Image-level reconstruction metrics

Let X̂ denote the super-resolved magnetogram and X the co-registered HMI reference over N pixels.
Pixel-level reconstruction accuracy is quantified using the mean squared error (MSE) and root mean
squared error (RMSE),

MSE =
1

N

N∑

i=1

(X̂i −Xi)
2, RMSE =

√
MSE. (16)

The peak signal-to-noise ratio (PSNR) is defined as

PSNR = 10 log10

(
X2

max

MSE

)
. (17)

Structural similarity is quantified using SSIM,

SSIM(X, X̂) =
(2µXµ

X̂
+ C1)(2σ

XX̂
+ C2)

(µ2
X + µ2

X̂
+ C1)(σ2

X + σ2

X̂
+ C2)

. (18)



Perceptual similarity is evaluated using LPIPS,

LPIPS =
∑

l

1

HlWl

∑

h,w

∥∥∥wl ⊙ (ϕl(X)− ϕl(X̂))
∥∥∥

2

2
. (19)

Although Learned Perceptual Image Patch Similarity (LPIPS) was originally designed for natural-
image perception, it has recently been applied to scientific image reconstruction tasks as a complementary
measure of structural similarity. LPIPS evaluates differences in deep feature representations extracted
from a pretrained neural network. In the context of solar magnetograms, LPIPS provides an additional
assessment of whether reconstructed maps preserve coherent structural patterns and polarity transitions
beyond simple pixel-wise similarity metrics.

Frequency-domain consistency is evaluated through Fourier analysis. Let F(X) denote the 2D Fourier
transform, with magnitude and phase spectra

MX = |F(X)|, ΦX = arg(F(X)). (20)

5.2. Additional spectral and perceptual metrics

To further evaluate structural and spectral fidelity, we compute the Spectral Angle Mapper (SAM),
frequency-domain correlation, and phase error statistics.

5.2.0.1. Spectral Angle Mapper (SAM). SAM measures the angular similarity between the re-

constructed and reference magnetograms. For vectors X and X̂, it is defined as

SAM(X, X̂) = arccos




∑N

i=1 XiX̂i√∑N

i=1 X2
i

√∑N

i=1 X̂2
i


 . (21)

Lower SAM values indicate higher similarity.

5.2.0.2. Frequency-domain correlation. To assess spectral consistency, we compute the Pearson
correlation between the Fourier magnitude spectra of the reference and reconstructed magnetograms.
Let MX = |F(X)| and M

X̂
= |F(X̂)|. The frequency correlation is

ρf =

∑
(MX − M̄X)(M

X̂
− M̄

X̂
)

√∑
(MX − M̄X)2

√∑
(M

X̂
− M̄

X̂
)2

. (22)

Values close to unity indicate strong preservation of spectral energy.

5.2.0.3. Phase error statistics. Fourier phase contains spatial structural information. The phase
difference between reconstructed and reference images is computed as

∆Φ = wrap(Φ
X̂
− ΦX), (23)

where the wrapping operation constrains the phase difference to

∆Φ ∈ [−π, π]. (24)

The mean and standard deviation of ∆Φ quantify phase consistency across spatial frequencies.

6. Results and Discussion

6.1. Visual and quantitative reconstruction performance

Quantitative reconstruction performance on the held-out test set is summarized in Table 3, while
qualitative visual comparisons for NOAA AR 11121 are presented in Fig. 7. Among the evaluated
approaches, MagRes-Net attains the highest reconstruction fidelity, improving PSNR by 7.17 dB over
bicubic interpolation and by 3.51 dB over the Deep CNN baseline, while reducing RMSE by 56.9% and
43.3%, respectively.

6.2. Physical validation: flux preservation, AR structure, and PIL topology

High pixel-level fidelity is necessary but not sufficient for magnetogram super-resolution intended for
space-weather use, because flare-relevant predictors depend on physically meaningful magnetic structure



Table 3. Image-level SR metrics on the held-out test set. Higher PSNR is better; lower RMSE is better. RMSE values are
reported in Gauss.

Method PSNR (dB) RMSE (G)

Bicubic 37.136 6.412

Deep CNN 40.804 4.873

MagRes-Net (CNN+ViT) 44.310 2.76

rather than visual similarity alone. We therefore validate the reconstructed fields using flux-based diag-
nostics, threshold-defined active-region structure, and polarity inversion line topology, which are widely
used as proxies for magnetic complexity and flare productivity (Schrijver 2007; Bobra and Couvidat
2015; Hoeksema et al. 2014).

Flux preservation. Figures 6 and 9 compare signed and unsigned flux distributions derived from
native MDI, the MagRes-Net output, and the HMI reference for NOAA AR 11121.

Active-region structure and strong-field morphology. We apply a strong-field threshold of |Bz| >
100 G and compare the resulting contours (Fig. 10). The corresponding µ-map representation with
extracted active-region boundaries is shown in Fig. 11. The MagRes-Net output yields more continuous
boundaries and recovers additional strong-field structure that agrees better with HMI. This improvement
is also reflected in the AR coverage values (Table 5).

PIL topology and gradient-linked complexity. Because flare productivity is strongly associated
with the presence of long, coherent PILs embedded in high-gradient magnetic environments (Schrijver
2007; Georgoulis and Rust 2007), we examine whether super-resolution improves PIL continuity without
creating spurious reversals (Fig. 13).

Figure 6. Signed magnetic flux comparison for NOAA AR 11121. From left to right: native MDI, MagRes-Net
super-resolved output, and HMI reference.

Table 4. Quantitative comparison of the proposed MagRes-Net model with representative state-of-the-art super-resolution
approaches for solar magnetograms. Higher PSNR and SSIM indicate better reconstruction quality, while lower LPIPS and
RMSE indicate improved perceptual fidelity and reduced reconstruction error.

Model PSNR ↑ (dB) SSIM ↑ LPIPS ↓ RMSE ↓ (G)

SPSR ((Dou et al. 2022)) 38.99 0.89 0.33 21.10

LDM ((Ramunno et al. 2025)) 39.60 0.79 0.50 31.16

SolarCNN ((Xu et al. 2024)) 40.12 0.67 0.62 41.47

MagRes-Net (Ours) 44.31 0.97 0.06 2.76

To quantify the performance of the proposed method relative to , we evaluated it against three
representative existing super-resolution approaches for solar magnetograms: the structure-preserving
super-resolution method (SPSR) proposed by (Dou et al. 2022), the latent diffusion model (LDM) intro-
duced by (Ramunno et al. 2025), and the attention-aided convolutional network (SolarCNN) developed
by (Xu et al. 2024). The comparison is including PSNR, SSIM, LPIPS, and RMSE. As summarized in
Table 3, the proposed MagRes-Net model consistently outperforms the baseline approaches across the



Figure 7. Visual comparison for NOAA AR 11121 across reconstruction methods. Native MDI under-resolves compact flux
elements and narrow polarity inversion lines. Bicubic interpolation and the Deep CNN baseline partially recover structure
but remain overly smooth. The MagRes-Net reconstruction restores fine-scale magnetic features and polarity inversion line
(PIL) continuity, closely matching the HMI reference.

evaluated metrics. Specifically in As summarized in Table 4, the proposed MagRes-Net model consistently
outperforms existing state-of-the-art approaches across all evaluation metrics. In particular, MagRes-Net
achieves the highest PSNR of 44.31 dB and SSIM of 0.97, indicating superior reconstruction fidelity and
structural similarity relative to the HMI reference magnetograms. In comparison, SPSR (Dou et al. 2022)
attains a PSNR of 38.99 dB and SSIM of 0.89, while LDM (Ramunno et al. 2025) and SolarCNN (Xu et al.
2024) achieve PSNR values of 39.60 dB and 40.12 dB with SSIM values of 0.79 and 0.67, respectively. the
LPIPS value for MagRes-Net is 0.06, which is lower than SPSR (0.33), LDM (0.50), and SolarCNN (0.62),
indicating the model preserves fine-scale structures more effectively. Similarly, the RMSE for MagRes-Net
has been decreased to 2.76 G in comparison to SPSR (21.10 G) and LDM (31.16 G) as well as SolarCNN
(41.47 G). The results show that MagRes-Net uses a hybrid CNN-Transformer architecture and therefore
demonstrates high-quality reconstruction of structures using the magnetic field characteristics relative
to other SR approaches.

Table 5. Active-region coverage estimated from native MDI, the super-resolved output, and the HMI reference
magnetograms.

Data Product AR Coverage (%)

MDI (Original) 12.23

SR Output (MagRes-Net) 13.25

HMI (Reference) 14.48

6.3. Spectral fidelity, phase consistency, and robustness

To determine if MagRes-Net retains not only spatial-domain similarity but the multi-scale structure as
well of solar magnetic field structures, we will measure reconstruction quality in the Fourier domain
and through controlled noise additions. In addition to a comparison of the log-magnitude spectra of the
HMI reference and super-resolved output (see Fig. 15), an additional frequency-domain error image is



Figure 8. Qualitative comparison with recent super-resolution approaches for solar magnetograms. (a) Structure-preserv-
ing super-resolution method of Dou et al. (Dou et al. 2022). (b) Attention-guided SolarCNN model of Xu et al. (Xu et
al. 2024). (c) Latent diffusion-based super-resolution framework proposed by Ramunno et al. (Ramunno et al. 2025). (d)
Reconstruction generated by the proposed MagRes-Net model (ours). Compared with existing approaches, the proposed
method better restores fine-scale magnetic structures and preserves sharper polarity inversion boundaries.

Figure 9. Unsigned magnetic flux comparison for NOAA AR 11121. From left to right: native MDI, MagRes-Net output,
and HMI reference.



Figure 10. Comparison of LOS magnetograms thresholded at |Bz | > 100 G for NOAA AR 11121. From left to right:
native MDI, MagRes-Net output, and HMI reference.

Figure 11. µ-maps (µ = cos θ) with active-region boundaries for NOAA AR 11121. Red contours show AR boundaries
extracted from the corresponding magnetograms.

Figure 12. Magnetic stress proxy computed from the super-resolved magnetogram, defined as |∇Bz |2.

Table 6. Polarity inversion line statistics for NOAA AR 11121.

Metric MDI (Original) MagRes-Net HMI (Reference)

Raw PIL candidates (pixels) 4128 4365 4521

Final PIL length (pixels) 72 84 85

Filtering ratio (%) 1.7 1.9 1.9



Figure 13. Gradient-based PIL analysis for NOAA AR 11121, illustrating that high-gradient structure concentrates along
physically plausible polarity transitions in the super-resolved reconstruction.

Figure 14. Pixel-wise scatter of reconstructed LOS field from MagRes-Net versus the HMI reference over the clipped
range [−2000, 2000] G.

Figure 15. Frequency- and phase-domain fidelity of MagRes-Net.



Figure 16. Fourier phase error distribution.

Figure 17. Absolute reconstruction residual map showing the spatial distribution of |B̂z − Bz |.

provided for evaluation purposes. As can be seen from a comparison of the high resolution (HR) and
super-resolution (SR) magnitude spectra in Fig. 15, there is good agreement in terms of their overall
spectral distributions across all spatial frequencies; thus the super-resolution reconstruction has retained
much of the large-scale organizational structure and many of the finer scale features present in the original
HMI reference. Additionally, the frequency error heatmap in Fig. 15 demonstrates that the majority of
the remaining errors occur primarily at lower frequency bands, whereas the higher frequency bands
appear to have been preserved with very little error.

Figure 18. Noise robustness evaluation. PSNR and SSIM trends under increasing additive noise σ.



Table 7. Noise robustness under additive perturbation.

Noise σ SSIM PSNR (dB)

0 0.9777 44.31

5 0.7302 37.69

10 0.4326 32.72

15 0.2666 29.43

20 0.1761 27.00

25 0.1241 25.11

30 0.0919 23.55

35 0.0706 22.23

40 0.0562 21.11

We also evaluate the preservation of phase organization since phase information contained within the

Fourier transform provides details on the spatial arrangement of the various components. Large phase

errors could potentially result in structural deformities or artificial oscillations. In order to quantify

this behaviour, phase maps and phase error images were generated and are presented in Fig. 15. These

figures show that the phase organization across the vast majority of the frequency spectrum was preserved

qualitatively when compared to the HMI reference. Statistical quantification of the preservation of phase

organization is demonstrated by the phase difference histogram in Fig. 16, which shows that the majority

of frequencies exhibit small phase errors, whereas a broader tail of larger phase errors correspond to

localized areas of high gradient variation (e.g., near polarity reversal lines).

Finally, the spatial distribution of the errors is shown in Fig. 17, which presents an image of the

absolute error |B̂z −Bz| at each pixel. Residuals are not uniformly distributed, but instead are localized

primarily in regions with strong magnetic structure and are much smaller in quiet background areas.

Lastly we assess robustness to additive noise PSNR/SSIM in particular in Fig. 18 and Table 7. With

increasing noise strength, both metrics degrade monotonically as to be expected from a stable, physically-

consistent reconstruction framework, with PSNR quantitatively degrading from 44.31 dB @ σ = 0 to

21.11 dB @ σ = 40, similarly SSIM degrading from 0.9777, to 0.0562 over the same domain. That said, this

performance behaviour neither yields abrupt degradation behaviour, meaning even strongly perturbative

conditions yield meaningful reconstruction ability from the model. Spectral agreement, controlled phase

deviation, spatially structured residuals and smooth relative drop-off from noise shows that SR is capable

of preserving frequency space characteristics, and retaining physically agreeable stability against noisy

conditions. A consolidated summary of the quantitative image-domain, perceptual, and spectral-domain

evaluation metrics is provided in Table 8.

Table 8. Comprehensive quantitative evaluation of the proposed MagRes-Net reconstruction against the HMI refer-
ence magnetograms. The reported metrics quantify pixel-level accuracy, structural similarity, perceptual consistency, and
spectral-domain fidelity.

Metric Value

PSNR ↑ (dB) 44.31

SSIM ↑ 0.97

RMSE ↓ (G) 2.76

LPIPS ↓ 0.06

SAM ↓ (deg) 0.70

Frequency Correlation ↑ 0.978

Phase Error Mean ↓ (rad) 1.4023

Phase Error Std. ↓ (rad) 0.9363



6.4. Ablation study

To quantify the respective roles of convolutional locality and Transformer-based global context modeling,
we perform an ablation study using three model variants derived from the architecture shown in Fig. 3.
The evaluated configurations include: (i) a ViT-only model without the CNN branch, (ii) a CNN-only
model without the Transformer branch, and (iii) the full hybrid MagRes-Net architecture that integrates
both branches through the feature fusion module. The quantitative comparison of these variants is
summarized in Table 9.

The ViT-only variant relies exclusively on self-attention-based global representation learning. Trans-
former architectures are well suited for capturing long-range spatial dependencies and global contextual
relationships (Dosovitskiy et al. 2021; Liu et al. 2021). Although the convolutional inductive bias was
absent from this particular model, it was difficult for the model to achieve a good reconstruction of sharp
polarity boundary locations and localized magnetic gradient magnitudes. Therefore, this specific model
had the lowest PSNR and the largest RMSE of all models examined.

In comparison to the ViT-only version, the CNN-only version clearly outperformed it, which suggests
that using localized convolutional processes has a strong advantage when attempting to recover relatively
small scale, compact flux concentrations and fine-scale magnetic field topologies. The efficiency of CNNs
at extracting spatially localized image features has been well documented within the literature related
to image super-resolution methods (Dong et al. 2016; Lim et al. 2017; Zhang et al. 2018). Although
the CNN-only model achieved an improvement in terms of reconstruction accuracy over the CNN-only
model, the performance of the CNN-only model did not match that of the MagRes-Net model, which
suggests that the use of solely localized processing is insufficient to provide a comprehensive description
of larger scale configurations of magnetic fields in solar active regions.

The full MagRes-Net model allows the combination of the convolutional feature extraction process
with the contextual modeling process provided by the Transformers; therefore, the network can provide
both the reconstructed local magnetic gradients as well as preserve the overall large-scale structural
properties of the solar active region. The results presented in Table 9 show that the PSNR is the greatest
and the RMSE is the smallest for the hybrid model. This demonstrates that the inclusion of both local
and global representations of features through the hybrid CNN-Transformer architecture illustrated in
Figure 3 improves the quality of the reconstructed images. Furthermore, the ablation analysis illustrates
that the hybrid CNN-Transformer model represents the best balance between the representation of the
magnetogram super-resolution and the representation of the large-scale topology of the active region.

Table 9. Ablation analysis of the MagRes-Net architecture evaluating the individual contributions of convolutional local
feature extraction and Transformer-based global context modeling. Performance is measured against the HMI reference
magnetograms.

Model Variant PSNR ↑ (dB) RMSE ↓

ViT-only (global attention) 39.200 0.405

CNN-only (local gradients) 40.804 0.355

MagRes-Net (CNN + ViT) 44.31 0.276

6.5. Implications for flare-related magnetic diagnostics

Solar flare productivity is strongly linked to magnetic flux distribution, the complexity of polarity
inversion lines, and the presence of strong magnetic gradients. Because these quantities are resolution
sensitive, it is essential that super-resolution improves spatial detail while preserving physical consistency.
The reconstructed maps preserve flux behaviour and enhance resolution-sensitive topology relevant to
flare-feature computation (Schrijver 2007; Bobra and Couvidat 2015; Bobra et al. 2014; Florios et al.
2018; Nishizuka et al. 2018).

A central motivation for cross-instrument super-resolution is to ensure the consistency and continuity
of flare-relevant magnetic diagnostics across solar cycles. Long-term investigations of solar variability and
its coupling to the terrestrial atmosphere require magnetogram-derived quantities that are comparable
over multi-decadal baselines. Many operational and research-grade flare predictors depend on diagnostics
that are inherently resolution-sensitive, including unsigned magnetic flux Φabs, strong-field area coverage,
and gradient-weighted polarity inversion line measures (Schrijver 2007; Bobra and Couvidat 2015; Bobra
et al. 2014; Florios et al. 2018; Nishizuka et al. 2018). Resolution discrepancies between SOHO/MDI



and SDO/HMI therefore introduce systematic biases that propagate into long-term flare statistics and
Sun–Earth interaction studies.

To connect super-resolution outputs to downstream diagnostic workflows without overstating forecast-
ing performance, we evaluate whether MagRes-Net improves the diagnostic alignment of MDI-derived
scalar quantities toward their HMI reference values. For any scalar diagnostic D computed over a region
of interest, we define a scale-independent alignment score

A(D) = 1− |DSR −DHMI|
|DMDI −DHMI|+ ϵ

, (25)

where ϵ prevents division by zero. Values A(D) > 0 indicate that the super-resolved estimate moves the
diagnostic closer to the HMI reference relative to native MDI.

Beyond global flux budgets, polarity inversion line-driven measures are particularly resolution sensi-
tive. A commonly used family of diagnostics weights PIL length by local magnetic-field gradient, reflecting
the empirical association between strong-gradient PILs and flare productivity (Schrijver 2007; Georgoulis
and Rust 2007). Using the extracted PIL set L obtained from Algorithm 1, we define a gradient-weighted
PIL score

DPIL =
∑

(x,y)∈L

∥∇Bz(x, y)∥ ∆ℓ, (26)

where ∆ℓ denotes the pixel-length element along the PIL skeleton. When computed from native MDI,
DPIL is typically underestimated because spatial smoothing suppresses both gradient magnitude and fine-
scale polarity reversals. Super-resolution that restores sharper polarity transitions is therefore expected
to increase DPIL toward HMI-consistent values.

Consistent with this expectation, the observed increase in filtered PIL length (Table 6), improved
strong-field area coverage (Table 5), and enhanced magnetic stress proxy structure (Fig. 12) indicate
that MagRes-Net restores resolution-dependent magnetic complexity while preserving polarity integrity.
The coherent high-gradient PIL morphology shown in Fig. 13 further supports the conclusion that
reconstructed maps recover physically meaningful topology rather than introducing artificial oscillatory
artifacts.

From the perspective of atmospheric and space-climate research, improved cross-instrument homo-
geneity in magnetic diagnostics contributes to more reliable characterization of solar drivers of upper-
atmospheric variability. Flare occurrence rates, magnetic complexity indices, and strong-gradient polarity
inversion line statistics are frequently incorporated into empirical and physics-based models of ionospheric
disturbance, thermospheric heating, and geomagnetic response. By reducing cross-cycle inconsistencies in
these precursor quantities, MagRes-Net supports the construction of long-baseline, resolution-consistent
solar forcing datasets. In this sense, the framework functions as a data-standardization layer that
strengthens the integrity of Sun–atmosphere coupling analyses and facilitates more robust multi-decadal
studies of solar–terrestrial interaction within the broader context of atmospheric sciences.

7. Conclusion and Future Work

The MagRes-Net, a novel hybrid super-resolution model based on Convolutional Neural Networks and
Transformer, specifically designed to reduce the spatial resolution differences between SOHO/MDI and
SDO/HMI magnetograms while preserving physically meaningful magnetic structure. The combined
convolutional layers for local feature extraction with Transformer-based global contextual learning,
MagRes-Net captures both small-scale magnetic gradients and larger-scale spatial relationships in solar
active regions. A total of 5,232 co-temporal MDI–HMI magnetogram patch pairs were used to train the
model. Image-level reconstruction metrics and physics-based diagnostic metrics were used to evaluate
performance. Quantitatively, results on the held-out test set show that MagRes-Net significantly outper-
forms interpolation-based methods and CNN-only baselines. The proposed model achieves a PSNR of
44.31 dB and SSIM of 0.97, while reducing the reconstruction error to an RMSE of 2.76 G. In addition,
perceptual and spectral evaluation metrics indicate strong structural fidelity, with LPIPS of 0.06, SAM of
0.70◦, and a frequency-domain correlation of 0.978, demonstrating that the reconstructed magnetograms
preserve both spatial structure and spectral characteristics of the HMI reference. Beyond improving
pixel-level reconstruction accuracy, MagRes-Net provides notable gains in magnetic flux consistency, the
morphology of compact strong-field active regions, and the structure of polarity inversion lines relative
to interpolation-based and CNN-only models. A detailed analysis of NOAA Active Region AR 11121
further demonstrates enhanced recovery of compact flux concentrations and sharper magnetic gradients



that are substantially suppressed in the original MDI observations. Overall, these results demonstrate
that enhancing existing magnetogram observations while reducing cross-instrument inconsistencies in
current solar magnetic datasets. As such, MagRes-Net provides a pathway toward more homogeneous
magnetogram data suitable for long-term studies of solar magnetic activity and flare-related diagnostics.
Future work will include extending the evaluation of the proposed framework to a broader range of active
regions and solar cycle phases. In addition, future efforts will focus on incorporating temporal modeling
techniques to further improve the reliability of reconstructed data and facilitate longer-term solar activity
analyses.
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