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Abstract
The detection of stellar flares is crucial to understanding dynamic processes
at the stellar surface and their potential impact on surrounding exoplanetary
systems. Extensive time series data acquired by the Transiting Exoplanet Sur-
vey Satellite (TESS) offer valuable opportunities for large-scale flare studies.
A variety of methods is currently employed for flare detection, with machine
learning (ML) approaches demonstrating strong potential for automated clas-
sification tasks, particularly for the analysis of astronomical time series. This
review provides an overview of the methods used to detect stellar flares in TESS
data and evaluates their performance and effectiveness. It includes our assess-
ment of both traditional detection techniques and more recent methods, such
as ML algorithms, highlighting their strengths and limitations. By addressing
current challenges and identifying promising approaches, this manuscript aims
to support further studies and promote the development of stellar flare research.
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1. INTRODUCTION
Stellar flares are explosive phenomena at the surface and in the atmosphere
of stars [?]. They are caused by a release of energy induced by the star’s
magnetic field and are a very common manifestation of stellar activity. Flares
are most common in late-type M dwarfs [?, ?], but they also occur frequently
in main-sequence stars and, more rarely, evolved giant stars [?]. The study of
stellar flares is essential to better understand stellar evolution and planetary
habitability [?]. For example, intense stellar flare activity can strongly affect
the surrounding planets [?, ?], notably by heating their atmosphere [?, ?] or
causing ionospheric disturbances [?, ?].

Research on stellar flares has traditionally relied on observational data collected
by ground-based and space-borne telescopes [?]. Recently, the development of
larger-scale space missions, such as the TESS [?], has considerably transformed
flare studies. To date, TESS has provided an extensive, high-quality dataset that
has already markedly accelerated progress in stellar flare research and improved
our understanding of flare properties, energy release mechanisms, and role in
stellar activity cycles.

Flare detection methods can be categorized into traditional and ML approaches.
Traditional methods typically involve detrending and statistical analysis of stel-
lar observations. For example, the WARPFINDER algorithm developed by
Pietras et al. [?] employs a three-step approach (detrending, differencing, and
curve fitting) to detect flare events automatically. Although effective, such
methods frequently require manual parameter adjustment and cannot process
large datasets efficiently.

ML methods have been increasingly applied to the analysis of astronomical
datasets, including TESS data. Recent advances include the application of
convolutional neural networks (CNNs) such as Stella, developed by Feinstein et
al. [?], to study the relationship between stellar properties and flare activity;
recurrent neural networks (RNNs) by Vida et al. [?] for flare detection; and
CNNs with ensemble learning by Tu et al. [?] to identify superflares (stellar
burst phenomena with longer duration and larger energy than typical stellar
flares) in TESS data.

These models, trained on large volumes of TESS data, have enhanced detection
efficiency and minimized the need for manual intervention. ML methods provide
robust and systematic solutions to process large observational datasets, enabling
automatic identification and classification of flare events.

In this review, we provide a comprehensive overview of stellar flare detection
methods from TESS data that covers traditional techniques and ML approaches.
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We evaluate the advantages and limitations of each method, focusing on accu-
racy and computational efficiency. Additionally, we discuss the challenges and
opportunities of applying ML to stellar flare detection. The article structure is
as follows: in Section 2, we introduce TESS data; in Section 3, we describe tra-
ditional and ML flare detection methods; in Section 4, we present experimental
results and evaluate method performance; in Section 5, we discuss the challenges
of applying ML to astronomical research; and in Section 6, we summarize flare
detection methods and suggest future research directions.

2.1. TESS Mission and Scientific Objectives
The primary objective of the TESS mission [?] is the search for exoplanets,
especially small telluric planets located in the habitable zone of their star. These
planets are identified with the transit method, which consists of observing a
slight decrease in stellar brightness caused by a planet passing in front of its
star. Additionally, the high precision of TESS data is well-suited to study
stellar physics. By analyzing light curves (LCs), scientists can study stellar
properties such as rotation, pulsation, and magnetic activity that provide a
basis to characterize stellar structure and evolution.

During its primary mission, TESS conducted a two-year survey of the solar
neighborhood. On July 4, 2020, its primary mission ended; TESS is now in
its extended mission. The planets discovered by TESS range from small tel-
luric planets to gas giants, clearly demonstrating the diversity of planets in our
galaxy. These exoplanets and, additionally, active stars identified by TESS
during its primary mission have been defined as priority observation targets
for subsequent missions, such as the James Webb Space Telescope [?], to im-
prove our understanding of planetary atmospheres and stellar activity. During
its primary mission (Section 2.2), TESS imaged approximately 75% of the sky,
discovered 623 confirmed exoplanets, and listed nearly 7,643 additional candi-
dates, which are currently awaiting confirmation by independent instruments or
methods [?].

2.2. TESS Data Acquisition and Processing
TESS is equipped with four wide-field cameras, which are fixed to the satellite
platform. To achieve pointing toward different regions of the sky, the entire
spacecraft is rotated. During its primary mission phase, TESS executed 26
distinct pointings, with each pointing maintained for approximately two orbital
cycles. By the end of the primary mission, the full southern and northern
celestial hemispheres had been surveyed.

To maximize sky coverage, these pointings were evenly distributed along the
ecliptic longitude. Each individual camera provides a field of view of 24° ×
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24°, and the four cameras together form a combined synthetic field of view of
24° × 96°, covering approximately 2,300 square degrees. One of the cameras
is directed toward the ecliptic pole, while the remaining three are spaced at
equal intervals between the ecliptic pole and an ecliptic latitude of 6°, thereby
optimizing overall sky coverage.

During operation, each camera nominally acquires an image every 2 s. To
optimize storage and processing time, single images are accumulated onboard
by sets of 60 to generate composite images with equivalent exposure times of 2
min that are stored in the onboard solid-state buffer (SSB). The 2-min equivalent
images, or“postage stamps”, focus on areas surrounding the target source; their
usual size is 10 × 10 pixels. Their main use is to characterize light variability
near a target for subsequent analysis. Then, each image is analyzed by aperture
photometry to generate a flux array (the LC), ultimately stored in data files
labeled “LC files”[?]. An example of generated photometric data is shown
in Fig. 1 [Figure 1: see original paper]. In addition, aggregated FFIs are
collected every 30 min and also stored in the SSB for larger-scale light variation
analysis and for stellar research. Although it covers a considerably larger field
of view than the postage stamps, each FFI remains highly sensitive to small
signal variations, providing high-resolution, high-sensitivity, large-scale data for
exoplanet and stellar research.

Every 13.7 days, from 8 h before to 8 h after perigee, data stored in the SSB,
including all postage stamps and FFIs, are transmitted to the ground segment
through the National Aeronautics and Space Administration Deep Space Net-
work [?].

2.3. Characteristics of TESS LCs
Two types of LC data are acquired by TESS for its target stars (440,000 targets
as of February 2023) at intervals of 2 min (standard LCs) and 20 s (fast-LCs) [?].
Because the number of target stars with available fast-LCs is small, we restrict
our review to the TESS 2-min LC data. Their characteristics are described in
this section.

Standard LCs of some target stars exhibit gradual brightness increases or de-
creases that can be attributed to slow alterations of the internal structure or
physical state of these stars. In other cases, small amplitude fluctuations can be
discerned in the LCs. These fluctuations may be associated with small-scale ac-
tivity at the star’s surface or with star vibrations. Conversely, sporadic events,
such as stellar flares or planetary transits, induce sudden brightness changes
materialized by peaks or troughs in the LC. Such events provide essential data
on stellar atmospheric activity and magnetic field strength.

In addition, periodic brightness variations are frequently observed in the LCs of
TESS targets; they usually reflect the star’s rotation, surface activity, or possible
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planetary transits. The star’s rotation period can be inferred from these periodic
LC patterns. The amplitude of the brightness variations reflects the intensity
of stellar activity, especially if they are caused by magnetic activity or stellar
rotation. Stellar spots on the star’s surface can also affect the amplitude of the
fluctuations.

In TESS data, flare events can be identified by the shape of the LC features:
they are usually short and characterized by a rapid and steep brightness in-
crease followed by a slow decrease, forming a typical “spike-shaped”peak, as
illustrated in Fig. 2 [Figure 2: see original paper], with a maximum brightness
largely exceeding background brightness fluctuations. In some active stars, mul-
tiple flare“bursts”can be observed, appearing as independent peaks in the LC.
These multiple bursts are important to study the periodicity of stellar magnetic
activity.

3. FLARE DETECTION METHODS
In this section, we present an overview of stellar flare detection methods, which
are broadly categorized into traditional threshold-based approaches and ML
techniques.

3.1. Traditional Threshold Detection Methods
In traditional threshold detection methods, candidate flare events are identified
by LC brightness variations exceeding a preset statistical threshold (e.g., 2.5
standard deviations or higher) [?, ?]. Here, the standard deviation (𝜎) represents
the statistical dispersion of stellar brightness measurements in an LC when the
observed star is in its quiescent, non-flaring state. It quantifies the variability
in the star brightness induced by instrumental noise, stellar activity, or other
non-flare-related fluctuations. Mathematically, if 𝐹𝑖 represents the brightness
measurements and ̄𝐹 is the mean quiescent flux, 𝜎 is given by

𝜎 =
√√√
⎷

1
𝑁

𝑁
∑
𝑖=1

(𝐹𝑖 − ̄𝐹)2 (1)

The flare start and end times are determined from the set of consecutive data
points exceeding the preset threshold \cite{25–32}. Standard steps of threshold
detection methods include LC detrending, noise removal, threshold filtering, and
manual validation.
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3.1.1. Detrending methods

The objective of detrending is to eliminate long-term variations in the LC, such
as stellar spot modulation and instrument drift, while preserving short-term
flare signals [?]. To achieve this, common techniques such as polynomial fitting,
spline smoothing, and iterative denoising are employed [?]. Polynomial fitting
uses low-order polynomials (e.g., cubic polynomials) to model the long-term LC
trend. This trend is then subtracted from the original data. This effectively
removes low-frequency variations from the LC [?]. Spline smoothing and Gaus-
sian filtering are two common techniques used to smooth LCs, aiming to reduce
low-frequency noise while preserving short-term flare signals [?]. Finally, iter-
ative denoising removes outliers or large flares through multiple iterations and
gradually converges toward a stable, detrended LC [?].

In summary, detrending methods are effective in removing undesired, long-term
brightness variations from observed LCs, thereby enhancing the observation sen-
sitivity for flare signal detection. However, such methods also present limita-
tions: for example, overfitting might occur, potentially resulting in the misiden-
tification of large flares as long-term trends; moreover, their overall effectiveness
strongly depends on the selection of appropriate parameters.

3.1.2. Difference methods

Different methods use a threshold detection approach relying on brightness dif-
ferences to identify flare events [?, ?]. Standard difference calculation methods
include“running differences”and“resting model”differences. The running differ-
ence method calculates flux differences between temporally adjacent LC points
and compares them with a predefined threshold. Differences that exceed the
threshold are then marked as flare candidates [?]. The resting model difference
method globally subtracts a “resting model”(e.g., the detrended LC) from the
original LC. This process results in a different LC that can effectively capture
rapid brightness changes unrelated to long-term trends [?]. Different methods
are particularly effective in identifying sudden brightness increases during flares,
hence to detect flares on short timescales. Additionally, they are computation-
ally simple and can be easily parallelized. However, such methods are sensitive
to noise, which might cause misidentification of cosmic rays or short-term instru-
mental errors as flares. Therefore, combining different methods with detrending
techniques is essential to reduce the likelihood of erroneously interpreting cosmic
rays or transient instrumental effects as real flaring events.

3.2. ML Methods
The core idea in applying ML methods to stellar flare detection is to apply data-
driven models automatically to“learn”stellar flare features, thereby enhancing
the model’s detection accuracy and generalization ability. A crucial first step
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in this process is data preprocessing, which often includes LC normalization
[?, ?]—a technique that rescales the data to a common baseline to reduce obser-
vational noise. Additionally, the Synthetic Minority Over-sampling Technique
(SMOTE) [?] is commonly applied to address class imbalance, a situation where
flare (rare events) images are considerably outnumbered by non-flare images,
by synthetically generating more examples of the minority image class (flares).
In terms of feature extraction, some methods use manual feature definition,
e.g., flare duration, peak amplitude, or equivalent duration [?], while others
rely on automatic extraction of time or frequency-domain features, for example,
using CNNs [?] for pixel-level data [?]. For model selection, commonly used
supervised learning methods include random forests (RFs) [?, ?] and extreme
gradient boosting (XGBoost) [?], while deep learning approaches include CNNs
[?], RNNs \cite{48–50}, and deep neural networks (DNNs) \cite{51–53}.

Finally, model ensemble techniques [?] improve detection stability and accuracy
through multi-algorithm voting (i.e., several models are applied to the same
data and detection is confirmed if at least two models concurrently identify a
flare event) or enhance the robustness of the detection system through stacking
[?] or weighted fusion [?]. A combination of ML techniques can thus provide
a more reliable and comprehensive solution than traditional methods for flare
detection.

4. PERFORMANCE EVALUATION
4.1. Performance Evaluation Metrics

In ML methods, the stellar flare detection task can be formulated as a binary
classification problem, because its primary objective is to differentiate between
two distinct states: “flare”and “non-flare.”The confusion matrix is an essen-
tial tool to evaluate model performance for such binary classification tasks; it
provides detailed characterization of the model’s predictive abilities using com-
plementary metrics [?]. As illustrated in Table 1 , the confusion matrix is a 2
× 2 table that includes the four possible outcomes of binary classification: true
positives (TP), false positives (FP), true negatives (TN), and false negatives
(FN).

Table 1. Confusion matrix

Actual true Actual false
Predicted true TP FP
Predicted false FN TN

In this study, we use the confusion matrix to quantify the models’predictive
accuracy for flare detection by calculating key performance metrics: accuracy,
recall, and precision.
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(1) Accuracy

Accuracy is the proportion of correctly predicted flare events among the total
sample set [?],

Accuracy = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁 (2)

For stellar flare detection, high accuracy indicates that the model correctly
identifies flare events, with fewer FPs.

(2) Recall

Recall describes the model’s ability to identify positive samples, i.e., the propor-
tion of detected flare events relatively to the total number of real flare events,

Recall = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑁 (3)

High recall indicates that the model can effectively identify a large proportion
of real flare events and avoids FNs [?].

(3) Precision

Precision is the proportion of correctly predicted positive samples among all
positive predictions,

Precision = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑃 (4)

It measures the “positive prediction accuracy”of the model [?].

4.2. Comparison Between Traditional and ML Methods

We designed an experiment to evaluate and compare the stellar flare detection
performance of traditional threshold detection methods and ML methods. The
dataset used for this experiment consisted of the TESS 2-min data for M dwarf
stars. To ensure data comparability under identical evaluation conditions, we
preprocessed LC data by applying normalization, binary segmentation into flare
and non-flare samples, and annotation of the corresponding labels.

Specifically, for standard threshold methods, we used the approach proposed by
Yang et al. [?] as a detrending method and the brightness difference detection
technique introduced by Shibayama et al. [?] as a different method. For ML, we
used a CNN developed by Feinstein et al. [?].
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Although the implementation of the traditional threshold detection and ML
methods differs substantially, their outputs are consistent: both types of meth-
ods predict a binary class label (“flare”or “non-flare”) for each sample. This
consistency allows for direct comparison between the results of both approaches
and the true labels and for calculation of the accuracy, precision, and recall. We
also compared the relative computation time required by all methods to assess
their practical efficiency.

The experimental results (Fig. 3 [Figure 3: see original paper]) demonstrated
that, in terms of accuracy, precision, and recall, ML methods clearly outper-
formed traditional methods, illustrating the strong ability of CNNs to handle
complex LC data. Although a single CNN architecture was tested in our anal-
ysis, its performance suggests that all deep learning models, particularly those
with convolutional structures, are well suited to capture local and hierarchical
features in LC data. This result is consistent with prior studies that reported
similar advantages of CNNs for time-series and astrophysical signal classifica-
tion tasks, indicating the potential generalizability of our results. In our ex-
periment, traditional methods—particularly the difference method—performed
better in terms of detection speed, mostly because of the computational effi-
ciency of simple brightness difference calculations. In contrast, the detrending
and ML approaches required additional processing steps such as polynomial
fitting and model training, resulting in higher computational costs. The tradi-
tional methods evaluated here represent commonly used techniques reported in
the literature; although they do not include all existing traditional approaches,
they provide a practical comparison framework. Despite their processing speed
advantage, these methods exhibited lower accuracy. The considerable improve-
ment in detection performance achieved by our CNN-based model highlights the
higher suitability of ML techniques—especially deep learning models—for reliable
stellar flare identification in complex LC data.

With this experiment, we validated the effectiveness of ML methods for stellar
flare detection while highlighting the computational advantages of traditional
methods. Future directions of research can include investigating combined ap-
proaches to develop more efficient and accurate flare detection algorithms.

4.3. ML Performance

For stellar flare detection tasks, the performance variability of ML algorithms
evaluated using accuracy, recall, and precision reflects their strengths and lim-
itations for data feature extraction, temporal information capture, and overall
detection accuracy. Table 2 summarizes the performance of well-established ML
algorithms (RF, XGBoost) and deep learning algorithms (CNN, RNN, DNN) in
terms of accuracy, recall and precision.

Table 2. Reported performance of established ML methods
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Method
Application
datasets Accuracy/(%) Recall/(%) Precision/(%)

Feinstein et
al. (CNN) [?]

TESS LCs 97 97 92

Tu et
al. (CNN) [?]

TESS
pixel-level
images

96 96 91

Vida et
al. (RNN) [?]

Kepler and
LCs
combined
with
simulated
data

80 80 70

Tu et
al. (ensemble
deep learning,
Stacking) [?]

TESS
pixel-level
images

97 96 96

Tu et
al. (ensemble
deep learning,
Voting) [?]

TESS
pixel-level
images

99 99 99

Lin et
al. (DNN) [?]

TESS LCs 95 96 94

Lin et
al. (RF) [?]

TESS LCs 97 97 96

Lin et
al. (XG-
Boost) [?]

TESS LCs 98 97 98

Feinstein et al. [?] and Vida et al. [?] used the LC flux as primary input feature.
Feinstein et al. [?] applied CNNs to LC data from TESS, achieving accuracy,
recall, and precision values of 97%, 97%, and 92%, respectively; their results
indicated that, although the input data consisted only of raw LC flux data, their
CNNs effectively captured flare patterns with high predictive ability. Similarly,
Vida et al. [?] applied RNNs to TESS LC data and achieved accuracy, recall,
and precision values of 80%, 80%, and 70%, respectively. Compared with the
results of Feinstein et al. [?], the RNN performance was notably lower, possibly
because of the model complexity and limitations in handling time-series data,
particularly for flare detection over long timescales.

In contrast, Tu et al. [?] used pixel-level TESS image data as input features
for automatic feature extraction. Their CNN achieved accuracy, recall, and
precision values of 96%, 96%, and 91%, respectively, demonstrating the advan-
tage of CNNs for image data processing, with high efficiency for direct feature
extraction and flare identification. Moreover, Tu et al. [?] further improved
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model performance by applying ensemble learning methods. Using the stacking
method, they achieved accuracy, recall, and precision values of 97%, 96%, and
96%, respectively. This ensemble learning method enhances overall performance
by combining the strengths of multiple models. With the ensemble learning vot-
ing method, they achieved their best results, with equally high accuracy, recall,
and precision values of 99%. This indicates that combining predictions from
multiple models strongly improves flare identification accuracy.

Lin et al. [?] used LC flare features manually extracted from TESS data, includ-
ing total flare duration, shock phase duration, decay phase duration, equivalent
duration, and peak amplitude, as input features for a DNN and achieved ac-
curacy, recall, and precision values of 95%, 96%, and 94%, respectively; this
indicates that combining manually computed features with deep learning mod-
els can also yield high identification performance. Additionally, they evaluated
RF and XGBoost algorithms and achieved accuracy, recall, and precision values
of 97%, 97%, and 96%, respectively, for RF and 98%, 97%, and 98%, respec-
tively, for XGBoost. The XGBoost algorithm exhibited outstanding (and the
best overall) performance in handling data with structured features, particularly
for such classification tasks.

In summary, the ensemble learning voting method of Tu et al. [?], relying on
image data and combining predictions from multiple models, achieved highest
performance, with strongly enhanced flare detection accuracy. In contrast, deep
learning models using only LC flux features, such as those of Feinstein et al. [?]
and Vida et al. [?], achieved comparatively poor performance, likely explained
by known limitations of RNNs in capturing complex patterns. Finally, Lin et
al. [?] demonstrated that a combination of manually extracted features and
established ML methods could also yield excellent performance.

5. DISCUSSION
Traditional methods for stellar flare detection primarily rely on threshold tech-
niques and LC detrending. Albeit simple and efficient, such methods are sus-
ceptible to noise interference. Astrophysical phenomena (such as star spots) or
instrumental noise may produce FPs [?]. Low-amplitude flares may not reach
the detection threshold and produce FNs [?].

With recent advances in ML and deep learning, methods relying on feature
engineering and data balancing have markedly improved flare detection accuracy.
For example, Lin et al. [?], combining RF and XGBoost algorithms with SMOTE
oversampling, achieved a flare recovery rate of 92% and additionally detected
2,000 small flare events [?]. Deep learning methods, such as CNNs or “long
short-term memory”neural networks, have further expanded model capabilities
and overcome the limitations of traditional methods [?, ?, ?]. Finally, ensemble
learning methods have provided, to date, the largest accuracy improvement
for superflare detection, enhancing pixel-level classification accuracy to 99% [?].
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Despite the considerable potential of ML methods for stellar flare detection,
there remain several challenges and limitations, described hereafter.

Data scarcity and imbalance: Stellar flare data represent a very small pro-
portion of the large observational datasets currently available, resulting in sam-
ple scarcity in the ML model training data, particularly for low-energy flares.
This sample imbalance can affect the model’s generalization performance, with
good detection results for high-energy flares but difficult detection of low-energy
events [?, ?].

High rate of FP: LCs are affected by noise and interfering astronomical phe-
nomena (such as brightness peaks from pulsating stars) that can be misclassi-
fied as flares. Even after data processing, such interferences can still affect deep
learning models during flare detection, increasing the rate of FPs. This prob-
lem particularly affects large observational datasets with a substantial number
of LCs [?].

Long processing time and high computational cost: The computational
cost of deep learning models, especially long short-term memory neural net-
works and CNNs, is high when processing large-scale LC data because of the
time-consuming, but necessary, training and debugging, especially for parame-
ter adjustment and hyperparameter optimization [?].

Noise interference and instrumental errors: The CCD sensors and data
processing chains of spaceborne instruments introduce noise in the observation
data, occasionally perceived erroneously as flare signals. Although ML models
can be trained to filter this noise, the filtering is frequently incomplete and can
cause misclassification of noise features as flares [?].

Challenges in cross-task data transfer: Observational data properties differ
between space telescopes (such as Kepler and TESS), e.g., in terms of sampling
rates and wavelength ranges. Therefore, a model trained on a specific dataset, if
applied to another dataset, frequently exhibits limited performance and requires
adjustment or retraining to adapt to the new data [?].

Subjectivity in data labeling: Stellar flare event labeling typically relies
on visual inspection. However, this manual approach can be inconsistent, par-
ticularly when LCs exhibit low signal-to-noise ratios, which hampers human
judgment. In such cases, flare labels may be assigned to ambiguous features,
effectively introducing incompletely characterized labels—referred to as “noisy
labels”—into the training dataset. These noisy labels can negatively affect the
learning process and limit the model’s generalization ability [?].

These challenges reflect both the potential and the limitations of ML methods
for stellar flare detection; they also indicate new research directions to improve
models and data processing methods.
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6. CONCLUSION
Stellar flare detection is an important astronomical research topic, investigated
with either traditional or ML methods whose suitability depends on the appli-
cation.

Before stellar flare catalogs became available or sufficiently extensive, early flare
detection methods relied primarily on visual identification. Such traditional
methods use mathematical, unlabeled approaches; they are time-efficient and
not labor-intensive. However, despite their simplicity and efficiency, their perfor-
mance is considerably influenced by the accuracy of their initial settings (detec-
tion threshold and detrending). ML can be used to optimize parameter selection
(e.g., dynamic threshold adjustment) and improve detection sensitivity.

Because of their pattern recognition properties, ML methods can efficiently iden-
tify complex flare shapes and partly alleviate misclassification caused by human
judgment errors. For example, they have demonstrably outperformed tradi-
tional methods for the processing of large datasets, such as those from TESS or
Kepler. However, their practical application still presents substantial challenges.
Model training relies on a large number of high-quality labeled samples; conse-
quently, labeling of stellar flare events requires large volumes of observational
data and expert cross-validation, which increases data acquisition costs.

Therefore, to further generalize the application of ML techniques and enhance
the accuracy of stellar flare detection, we propose the following research direc-
tions:

(1) Intelligent transformation of detection methods

Empirical threshold-based detection criteria are progressively replaced by ML
algorithms, such as CNNs or XGBoost models, that improve identification
accuracy and enhance generalization capabilities to weaker flares through au-
tonomous learning of complex LC features, concurrently allowing for the auto-
mated processing and systematic analysis of extensive datasets.

(2) Multisource data fusion and collaborative detection

By combining high-quality data from multiple sources, e.g., from TESS for its
high-precision photometry data, Kepler for its long-term monitoring, and XMM-
Newton for its multiwavelength X-ray data [?], researchers can improve the
signal-to-noise ratio of flare signals through cross-band feature correlation. Fur-
thermore, multitask collaborative analysis frameworks allow for simultaneous
investigation of flare activity, stellar magnetic fields, and stellar spot evolution,
thereby maximizing the scientific output.

(3) High temporal resolution for dynamic process analysis

Current telescopes achieve very short exposure times, e.g., image acquisition by
TESS at a 20-s cadence [?]; consequently, substructures of the stellar flare en-
ergy release can be resolved by analyzing these short-timescale data. Combined
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with rapid-response spectroscopic and multiwavelength observations, this tech-
nological advance has been essential to characterize the temporal evolution of
microphysical processes such as magnetic reconnection and particle acceleration,
with essential theoretical breakthroughs on stellar eruption mechanisms.

Pursuing research on these combined topics will potentially induce consider-
able progress in stellar flare research and strongly expand our understanding of
energy interactions between stars and their planetary systems.
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