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Abstract: Solar flares are among the most intense forms of solar activity. Understanding the evolution of physical
parameters in the solar atmosphere during flare events is key to studying their mechanisms and improving prediction
capabilities, but directly measuring quantities such as electron number density, temperature, and plasma velocity
remains challenging. Here, we introduce a novel, fully connected neural network, trained on synthetic data from the
radiative hydrodynamics code simulations, to perform rapid inversion of physical parameters from Ho spectral line
profiles. The spectral data were processed to align with the observational resolution of the Chinese Ha Solar Explorer
satellite, enabling seamless application of the model to real-world observations. Results are highly consistent with
simulations, achieving low errors under diverse flare conditions. We applied the developed model to analyze
observations of a class X7.1 solar flare on October 1, 2024, revealing reasonable spatial and temporal evolution of key
parameters throughout different flare phases. This work demonstrates the potential of deep learning techniques for fast
and reliable spectral inversion, providing new tools for solar flare diagnostics based on Ha data.
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Solar flares are among the most intense forms of
solar activityl!], and are characterized by sudden, large-
scale energy releases in localized regions of the solar atmo-
spherel?, causing rapid heating and the emission of electro-
magnetic radiation spanning the entire electromagnetic spec-
trum. During solar flares, energy is deposited in the photo-
sphere and chromosphere through mechanisms such as
ion beam bombardment, thermal conduction, and mag-
netic reconnection. These processes induce significant physi-
cal changes, including electron number density, tempera-
ture, and plasma velocity, and the evolution of these param-
eters is closely linked to the onset and development of
the flare. For example, rapid changes in plasma velocity

fields can trigger magnetic reconnection, which can then
initiate a solar flare. Accurately measuring and inverting
these physical parameters is therefore essential for under-
standing the mechanisms behind solar flare eruptions and
improving flare prediction accuracy. However, directly mea-
suring these parameters is technically challenging. Instead,
such variations are often reflected in observed spectro-
scopic features. By analyzing strong spectral lines in visi-
ble, near-infrared, and ultraviolet spectra, we can infer
what physical conditions are present. Spectral lines such
as H, Ca II and Mg II reveal that the solar chromosphere,
the atmospheric layer between the photosphere and the
corona, is highly dynamic, finely structured, and complex[3].

Complex inversion methods, based on physical mod-
els, often rely on intricate physical assumptions and approxi-
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mations, resulting in high computational costs and lim-
ited practical application!**]. Machine learning methods
offer a promising alternative, enabling rapid and efficient
inversion based on large-scale statistical data, indepen-
dent of physical models. The application of deep learn-
ing techniques in solar flare research is emerging as a pow-
erful approach, driven by advances in computational capa-
bilities(®%1. Osborne et al.l4] trained an Invertible Neural
Network (INN) based on the results of simulations with
the one-dimensional radiative hydrodynamics code,
RADYN. The INN analyzes the input spectral lines, Ha
and Ca II 8542, and outputs physical parameters, such as
the temperature and electron number density of the solar
atmosphere. In validating the analysis of a class MI.1
solar flare, expected results were obtained. Chappell &
Pereiral®] used the results of a large number of 3D solar
atmosphere simulations as a training set for a Convolu-
tional Neural Network (CNN) called SunnyNet. Sun-
nyNet computes three-dimensional nonlocal thermody-
namic equilibrium radiative transfer in optically thick stel-
lar atmospheres and can predict atomic populations in non-
local thermodynamic equilibrium, as well as the tempera-
ture and electron number densities in solar flares, with rea-
sonable accuracy. This CNN is nearly 100000 times
faster than conventional codes. Lee et al.l'l inverted Ha
and Ca II spectra using Deep Neural Network (DNN) and
avoided the gradient vanishing problem that DNNs suffer
from, by using a jump-joining method. The final inver-
sion results were accurate and took only 0.3 to 0.4 ms to
calculate each spectral line, achieving a speed 250 times
faster than conventional methods.

The Chinese Ho Solar Explorer (CHASE) is China’s
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first solar exploration satellite, equipped with a solar
space telescope that can make continuous 24-hour ob-
servations in a sun-synchronous orbit at an altitude of
517 kmU'=13]. The successful launch of CHASE has pro-
vided a wealth of high-resolution Ha spectral data,
enabling detailed studies of solar flares. During flares, the
Ha line provides crucial insights into the underlying physi-
cal processes.

In this study, we apply deep learning techniques inno-
vatively to solar flare research. We construct an appropri-
ate fully connected neural network model that can swiftly
and accurately invert solar chromospheric parameters,
including electron number density, temperature, and
plasma velocity, using Ha spectral data. We further vali-
date the practical application of our model by analyzing
real Ha spectral data obtained by the CHASE satellite dur-
ing solar flares. This work provides a solid scientific founda-
tion for studying the physical mechanisms of solar flares
and improving the accuracy of flare eruption predictions.

Fig. 1 shows the schematic of our workflow in this
study. The RADYN data source and data preprocessing
are described in Section 2, while the model selection and
prediction are described in Section 3. Section 4 presents
the model application on CHASE data, and our discus-
sion and conclusions are given in Section 5.

RADYN is a radiative hydrodynamics code devel-
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Fig. 1. Schematic diagram of the workflow. The arrows indicate the direction of flow. The process begins with synthetic flare
data from the RADYN radiative hydrodynamics simulations, followed by pre-processing steps. These data are used to train three
independent, fully connected neural networks to map Ha spectral profiles to their corresponding vertical distributions of
physical parameters. The models are then validated using synthetic test cases before being applied to real CHASE Ha spectral

observations.
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oped by Carlsson & Stein, Carlsson & Steinl!#:15] to simu-
late acoustic shocks in the chromosphere. It has since
been adapted to simulate flare responses in the chromo-
spherel!®-17]. RADYN uses an adaptive grid method to
solve the radiative hydrodynamics equations for one-dimen-
sional plane-parallel atmospheres, and optimizes data resolu-
tion by taking denser samples in regions with larger parame-
ter gradients. This approach ensures that maximum informa-
tion is retained within the same storage capacity, making
it particularly effective for modeling the complex dynam-
ics of solar flares.

The dataset used in our study was from the RADYN
F-CHROMA database!l'8]. The dataset comprises 79 flare
models characterized by different spectral indices, cutoff
energies, and total energy of the beam electrons that are
injected at the flare loop top as an energy source. The
energy flux of the beam electrons has a triangular shape
as a function of time, with a 10 s increase and a 10 s
decrease. Thus, a total energy of 1 x 10!2 erg cm™2 corre-
sponds to a maximum energy flux of 1 x 10! erg
cm~2s7!. Each flare model spans 50 s, and the data is
recorded at 0.1 s intervals, yielding 39574 time slices.
Each data entry includes one-dimensional Ha spectro-
scopic data, as well as the corresponding height distribu-
tions of physical parameters such as electron number den-
sity, temperature, and plasma velocity. This comprehen-
sive dataset is a valuable resource for analyzing solar
flare dynamics, allowing us to explore the relationships
between spectral variations and underlying physical pro-
cesses in the chromosphere. Using multiple flare configura-
tions and detailed, time-resolved data, we can robustly ana-
lyze flare-induced changes in the solar atmosphere, enhanc-
ing our understanding of flare mechanisms and their
impact on solar activity.

To effectively apply our model to the real spectra
obtained by the CHASE satellite, we pre-process the spec-
tral data from the RADYN dataset. This involves apply-
ing a point spread function (PSF) convolution to the origi-
nal spectroscopic data to simulate the resolution of the
CHASE spectrograph. The selected wavelength range is
6562.82 A + 1.5 A, which corresponds to 64 wave-
length data points in the CHASE data. After applying the
PSF, the RADYN data are interpolated to a coarser grid
to match the CHASE observation features.

We perform interpolation on the distribution data of
physical parameters, such as electron number density, tem-
perature, and plasma velocity. This creates smooth pro-
files suitable for neural network training and inversion.
We select 400 equally spaced points within a height range
of 0-2000 km. This process ensures that the physical
parameter distributions are well-resolved and compatible
with the spatial resolution required for subsequent model
applications.

Fig. 2 shows an example of preprocessed RADYN sim-
ulation data derived from the impulsive phase, where pan-
els A-D show the preprocessed spectrum, electron num-
ber density distribution, temperature distribution, and
plasma velocity distribution, respectively.

We employ a Fully Connected Neural Network
(FCNN) to determine the nonlinear mapping from Ha spec-
tral profiles to corresponding height-dependent physical
parameters. The network architecture consists of an input
layer, multiple hidden layers with nonlinear activation func-
tions, and an output layer. Each layer is densely con-
nected, meaning every neuron in one layer is connected
to all neurons in the subsequent layer. This architecture is
selected to balance model capacity and generalization per-
formance, based on preliminary experiments. The layer
widths are empirically chosen to progressively expand
and contract the feature space, allowing the network to
learn both low- and high-level representations from the
spectral input.

The input to the model is a 64-dimensional vector rep-
resenting the preprocessed Ha spectral intensities, and the
output is a 400-dimensional vector corresponding to the ver-
tical distribution of a given physical quantity (i.e., elec-
tron number density, temperature, or plasma velocity).
Three separate models with the same architecture are
trained independently to invert each physical parameter.
To enable the network to capture complex spectral-physi-
cal relationships while mitigating overfitting, we adopt a
moderately deep architecture with PReLU activation func-
tions!!%1 and dropout regularization between layers. In addi-
tion, weight decay is applied during training to further con-
strain model complexity. The FCNN architecture is shown
in Table 1.

We use the PyTorch deep learning library?%] to build
and train our models. The models are trained using the
AdamW optimizer!], which combines the benefits of
momentum and adaptive learning rates, efficiently navigat-
ing the high-dimensional parameter space. To optimize
model performance, we implement a learning rate decay
mechanism to stabilize convergence. We set the initial learn-
ing rate to 0.001, with a decay of 0.7 after every 100 itera-
tions. Mean Squared Error (MSE) is used as the loss func-
tion. The size of the training batch is set to 128.

The dataset is divided into a training set, a validation
set, and a test set. The RADYN dataset consists of 79
events with four different values of total energy (3 X

1. https: //star.pst.qub.ac.uk/wiki/public/solarmodels/start. html
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Fig. 2. An example of preprocessed RADYN simulation data. (A) Spectrum. (B) Electron number density distribution. (C)
Temperature distribution. (D) Plasma velocity distribution. Red dots show interpolation points.

Table 1. The FCNN architecture used in this study

Layer/Operation Shape of output

Input 64

Linear (64—128) 128
PReLU 128

Dropout (dropout_rate = 0.2) 128
Linear (128—256) 256
PReLU 256

Dropout (dropout_rate = 0.2) 256
Linear (256—512) 512
PReLU 512

Dropout (dropout_rate = 0.2) 512
Linear (512—1024) 1024
PReLU 1024
Dropout (dropout_rate = 0.2) 1024
Linear (1024—512) 512
PReLU 512

Dropout (dropout_rate =0.2) 512
Linear (512—400) 400

10" erg cm™2, 1 x 10" erg cm™2, 3 x 10! erg cm™2,
and 1 x 10 '? erg cm™2). For each value set, we ran-

domly select four events to form the test set, for a total
of sixteen events (approximately 20% of the data). This
ensures that the test events are completely separate for unbi-
ased evaluation. The remaining events are then randomly
split 7:1 between the training and validation sets, result-
ing in an approximate general distribution of 70% train-
ing data (27613 time slices), 10% validation data (3945
time slices), and 20% test data (8016 time slices). The
models undergo 800 iterations on both the training and vali-
dation datasets. Throughout this process, training and valida-
tion losses steadily decline and ultimately converge, demon-
strating effective model fitting to both datasets.

The inversion performance of the models is systemati-
cally evaluated using comprehensive error metrics on the
training, validation, and test sets. Table 2 presents a quanti-
tative assessment of the electron number density, tempera-
ture, and plasma velocity inversion models, using Root
Mean Square Error (RMSE) and symmetric Mean Abso-
lute Percentage Error (sSMAPE).

Table 2. RMSE and sMAPE evaluations of the electron number density, temperature, and plasma velocity inversion models

Training set Validation set Test set
Electron number density RMSE/cm™3 3.81 x 1013 3.83 x 1013 5.47 x 1013
SMAPE 1.96% 2.02% 6.32%
Temperature RMSE/K 2.05 x 104 2.06 x 104 3.03 x 104
sMAPE 3.97% 4.11% 11.31%
Plasma velocity RMSE/(km s~!) 12.67 12.60 20.96
sMAPE 9.52% 9.82% 18.47%

RMSE is a commonly used metric in regression analy-
sis, which measures the standard deviation of prediction
errors. It is sensitive to large deviations and provides an
overall measure of model accuracy. It is given by the
expression,

RMSE = (1

where Ji and y; are the predicted and true values at the
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i-th grid point, and # is the total number of spatial points.
We also use SMAPE to complement RMSE, which is
scale-dependent, defined as,

100% <~ [9i =il

SMAPE = _ .
no (il +1yil) /2

2

SMAPE expresses errors as percentages, providing a
scale-independent evaluation that is ideal for comparing
variables with different units and magnitudes. Unlike tradi-
tional mean absolute percentage error, SMAPE robustly



handles near-zero values and treats over- and under-predic-
tions symmetrically, making it ideal for physical parame-
ter inversion.

Together, RMSE and sMAPE provide a balanced
view of both absolute and relative model performance,
offering a more comprehensive assessment of the inver-
sion accuracy across different physical quantities.

For electron number density inversion, the model per-
forms consistently on the training and validation sets and
gives slightly degraded, but reasonable performance on
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the test set. Similar patterns are observed for temperature
and plasma velocity inversions, where test set errors are
approximately 1.5 to 2.3 times higher than training/valida-
tion errors, reflecting the expected generalization gap.

Fig. 3 provides a detailed comparison of the simu-
lated and inverted physical parameters, shows representa-
tive test cases from all four total energies in the test set,
and further illustrates the inversion performance.

For electron number density distributions, the model
shows excellent agreement with the simulated profiles
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Fig. 3. Inversion test results using RADYN simulation data. The four rows, from top to bottom, show simulated flare events with
total energies of 3 x 1010 erg cm2, 1 x 10! erg cm2, 3 x 10! erg cm2, and 1 x 10!2 erg cm™2. The four columns, from left to
right, show spectra, electron number density distributions, temperature distributions, and plasma velocity distributions.
Different colors indicate distinct evolutionary phases: background (black), rising phase (blue), impulsive phase (green), and
decay phase (yellow). Solid lines show the height distribution of simulated physical parameters, and dashed lines show the height

distribution of the inverted physical parameters.
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across atmospheric layers, with minor discrepancies appear-
ing at certain heights. The temperature inversion model per-
forms particularly well, accurately reproducing the abso-
lute values and height-dependent variations across all total
energies and flare phases. Although plasma velocity pro-
files show slightly larger discrepancies compared with
other parameters, consistent with the quantitative metrics
in Table 2, the model nonetheless captures essential
dynamic features and reproduces physically plausible veloc-
ity gradients throughout the atmosphere. This comprehen-
sive visualization confirms that our inversion approach
remains physically consistent across all parameters while
handling the full range of total energies available in the
RADYN dataset.

We have applied our models to real observational
data, analyzing CHASE Ha spectra, to assess model perfor-
mance in real-world scenarios. For analysis, we select a typ-
ical X7.1-class solar flare that occurred in active region
13842 on October 1, 2024. The flare started at approxi-
mately 21:58 UT, peaked at 22:20 UT, gradually decayed,
and ended at approximately 22:29 UT. Fig. 4 shows the
evolution of the flare, including the pre-flare background,
rising phase, impulsive phase, and decay phase.

The spectra of the pixel exhibiting maximum bright-
ness during the impulsive phase were extracted across all
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evolutionary phases and input into the inversion models
to infer the corresponding distributions of physical parame-
ters, i.e., electron number density, temperature, and
plasma velocity. Considering the heights at which the Ha
spectral lines form, we display the inverted distributions
in a height range of 750—1500 km. The inversion results
are shown in Fig. 5. During the flare peak, the upper chro-
mosphere is heated to the coronal temperature, and there
appears to be a noteworthy chromospheric condensation
region near 1400 km.

Although our model is based on one-dimensional
RADYN simulation data, the spatial resolution of the
CHASE spectral observations allows us to apply the
model to the entire flare region without considering interac-
tions between adjacent points. To this end, we have devel-
oped applications that reconstruct physical information
from the flare region.

The October 1, 2024, event data is used again for
this example. We extract CHASE spectral data of the
flare, covering the entire flare region and its different evolu-
tionary phases. These spectra are then input into models
that invert the distributions of electron number density, tem-
perature, and plasma velocity at various heights. Four
slices are selected for display at heights of 750, 1000, 1250,
and 1500 km. Fig. 6 shows the height distribution charac-
teristics of the inverted physical parameters in the solar
atmosphere within the flare region. The output parameters
of our models reflect the physical changes in the differ-
ent layers of the solar atmosphere during the solar flare.
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Fig. 4. Images of the class X7.1 solar flare event occurring on October 1, 2024. The four panels correspond to the background,
rising phase, impulsive phase, and decay phase. Cyan crosses mark the point of maximum brightness during the impulsive phase.
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Fig. 6. Height distribution characteristics of inverted physical
parameters in the solar atmosphere within the flare region.
The four rows, from top to bottom, correspond to the
background, rising phase, impulsive phase, and decay phase,
while the three columns, from left to right, represent electron
number density, temperature, and plasma velocity.

These three-dimensional representations provide a visual
understanding of these phenomena and aid in understand-
ing flare mechanisms.

We have introduced a deep learning framework to
invert physical parameters from Ha spectral profiles. This
framework is based on simulated flare data from RADYN
and observations from the CHASE satellite. Training
three separate FCNNs enables us to invert electron num-
ber density, temperature, and plasma velocity from spec-
tra with high accuracy. Our models perform well with syn-
thetic test data, accurately capturing the magnitude and
structure of height-dependent profiles under various flare
conditions. Of the three parameters, electron number den-
sity inversion shows the most consistent performance,
while plasma velocity, though slightly noisier, still repro-
duces general trends. These results suggest that the mod-
els can learn nonlinear relationships between spectral fea-
tures and physical quantities under non-local thermody-
namic equilibrium (NLTE) conditions.

Applying the models to CHASE observations of an
X-class flare demonstrates their effectiveness in real-

world scenarios. The inverted parameters show consistent
variation across flare phases and provide a plausible pic-
ture of the solar atmospheric response. This highlights the
potential of combining simulation-based training with
deep learning to bridge the gap between physical models
and observational data.

It is important to note that our method uses an
FCNN, in which results are significantly influenced by
the training data, specifically the outputs from the
RADYN simulations. If scenarios are encountered that are
not represented in the RADYN simulation data (e.g., obser-
vational spectra that are not included in the synthetic
dataset), the model may fail to accurately reproduce the dis-
tribution of physical parameters. Therefore, flares with
anomalous spectral profiles may require more sophisti-
cated models for analysis. One example is the INN model
proposed by Osborne et al.[*l, which incorporates addi-
tional spectral information and combines RADYN simula-
tions with Ha and Ca II spectra to improve parameter infer-
ence. We can improve the model by including additional
spectral lines and expanding the training dataset.

Some errors were observed in the inversion results
for certain time slices during the rising or decay phases
of a flare. For example, discrepancies were observed
between the temperature and density in the inversion
results for a fixed spectral line intensity. This requires
examining the observational characteristics of multiple spec-
tral lines or incorporating additional physical constraints
to eliminate such anomalies. Because our model is based
on RADYN flare simulations with a vertical viewing
angle, it would be best applicable to flare ribbon regions
near the disk center. This method is unreliable for other
regions, such as flare loops, and for other events occur-
ring over the flare ribbon, such as filament eruptions. Cau-
tion should be exercised when applying the model to flare
ribbons near the solar limb, because it does not account
for any center-to-limb variations of the spectral lines. Addi-
tionally, the spatial alignment of the spectral data must be
carefully considered, because neglecting this can result in
misplaced inverted results and consequently generate
inaccuracies. When interpreting the inversion results, it is
important to note that there is a degeneracy between tem-
perature and electron density which our current model has
not managed to impose a physical constraint on.

In future work, we can explore architectures that incor-
porate physical constraints, such as an equation of state,
to better couple density and temperature to prevent non-
physical combinations where these quantities vary indepen-
dently. Such constraints would enable the model to learn
more consistent thermodynamic relationships, to improve
the robustness of the inversion results under diverse obser-
vational conditions.
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sented here are directly comparable to those detailed in
the main text, demonstrating the robust performance of
the model across various real-world scenarios.

For the M-class example, the M9.0-class solar flare
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that occurred in active region 13947 on January 10,
2025, was selected. The flare started at approximately
22:29 UT, peaked at 22:46 UT, and ended at approxi-
mately 22:53 UT. Fig. S1 shows the evolution of the
flare, including the pre-flare background, rising phase,
impulsive phase, and decay phase.
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Fig. S1. Images of the class M9.0 solar flare event occurring on January 10, 2025. The four panels correspond to the background,
rising phase, impulsive phase, and decay phase. Cyan crosses mark the point of maximum brightness during the impulsive phase.

Similarly to the process in Section 4.1, the spectra at
the marked pixel in the different evolutionary phases are
input into the inversion models. The models then infer the
distributions of the corresponding physical parameters, i.e.
electron number density, temperature, and plasma veloc-
ity. The inversion results are shown in Fig. S2. The thermo-
dynamic evolution of the chromosphere is well-captured,
showing heating patterns and velocity fields consistent
with the impulsive nature of the flare.

Using the same process detailed in Section 4.2, we
apply the model to the entire flare region. We extracted
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Fig. S2. Inversion results for the point of maximum brightness
during the impulsive phase using CHASE observational data.
(A) Spectra. (B) Electron number density distributions. (C)
Temperature distributions. (D) Plasma velocity distributions.
Different colors indicate distinct evolutionary phases: background
(black), rising phase (blue), impulsive phase (green), and decay
phase (yellow).

CHASE spectral data of the flare, covering the entire
flare region and its different evolutionary phases. Fig. S3
shows the height distribution characteristics of the
inverted physical parameters in the solar atmosphere
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Fig. S3. Height distribution characteristics of inverted physical
parameters in the solar atmosphere within the flare region.
The four rows, from top to bottom, correspond to the
background, rising phase, impulsive phase, and decay phase,
while the three columns, from left to right, show electron
number density, temperature, and plasma velocity.
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within the flare region.

To evaluate performance on a weaker event, we
selected a C7.0-class solar flare that occurred in active
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region 14100 on May 31, 2025. The flare started at approx-
imately 07:22 UT, peaked at 07:27 UT, and ended at
approximately 07:30 UT. Fig. S4 shows the evolution of
the flare, including the pre-flare background, rising phase,
impulsive phase, and decay phase.
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Fig. S4. Images of the class C7.0 solar flare event occurring on May 31, 2025. The four panels correspond to the background,
rising phase, impulsive phase, and decay phase. Cyan crosses mark the point of maximum brightness during the impulsive phase.

The spectra from this event were processed using the
same inversion pipeline. The inversion results for the sin-
gle pixel are shown in Fig. S5. Even for this less ener-
getic event, the models effectively infer the distributions
of physical parameters, revealing the characteristic chromo-
spheric response to the flare energy deposition.
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Fig. SS. Inversion results for the point of maximum brightness
during the impulsive phase using CHASE observational data.
(A) Spectra. (B) Electron number density distributions. (C)
Temperature distributions. (D) Plasma velocity distributions.
Different colors indicate distinct evolutionary phases: background
(black), rising phase (blue), impulsive phase (green), and decay
phase (yellow).

Finally, a region-wide inversion is performed to recon-
struct the spatial parameters. Fig. S6 shows the height distri-
bution characteristics of the inverted physical parameters.
These output parameters reflect the physical changes in
the different layers of the solar atmosphere during this C-
class event.
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Fig. S6. Height distribution characteristics of inverted physical
parameters in the solar atmosphere within the flare region.
The four rows, from top to bottom, correspond to the
background, rising phase, impulsive phase, and decay phase,
while the three columns, from left to right, show electron
number density, temperature, and plasma velocity.
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