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Abstract

Context. Modern solar observatories resolve the solar atmosphere in unprecedented detail, enabling studies of its activity on spatial scales below 0.1 arcsec and temporal cadences of a few seconds. However, the large volume of data collected by our telescopes cannot be fully analyzed with conventional methods. Popular machine learning methods identify general trends from observations but tend to overlook unusual events due to their low frequency of occurrence.

Aims. We study the applicability of unsupervised probabilistic methods for efficiently identifying rare events in multidimensional solar observations, thereby optimizing our computational resources to the study of these extreme phenomena.

Methods. We introduce Inspectorch, an open-source framework that utilizes flow-based models – flexible density estimators capable of learning the multidimensional distribution of high-dimensional datasets. Once optimized, it assigns a probability to each sample, allowing us to identify unusual events. We illustrate the potential of this approach by applying it to observations from the Hinode Spectro-Polarimeter (Hinode/SP), the Interface Region Imaging Spectrograph (IRIS), the Microlensed Hyperspectral Imager (MiHI) at the Swedish 1-m Solar Telescope (SST), the Atmospheric Imaging Assembly (AIA) on board the Solar Dynamics Observatory (SDO), and the Extreme Ultraviolet Imager (EUI) on board Solar Orbiter.

Results. On those datasets, we find that the algorithm assigns consistently lower probabilities to spectra that exhibit unusual features. For example, it identifies profiles with very strong Doppler shifts, uncommon broadening, complex profiles where the magnetic field polarity changes with height, and temporal dynamics associated with small-scale reconnection events, among others.

Conclusions. Inspectorch demonstrates that density estimation using flow-based models offers a powerful approach to identifying rare events in large solar datasets. We find that the framework is robust across different data regimes and requires limited parameter tuning. The resulting probabilistic anomaly scores allow computational resources to be focused on the most informative and physically relevant events. The Python package is publicly available.
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1. Introduction
Modern and upcoming solar observational facilities are generating data at an ever-increasing rate, providing views of the Sun with unprecedented detail – reaching spatial scales below 0.1 arcsec, temporal cadences of a few seconds, and spectral resolving powers (R) exceeding ∼105. This dramatic increase in data volume poses major challenges for traditional analysis methods. Manual inspection of such vast datasets is impractical and risks overlooking rare events. Because these events occur infrequently, they remain among the least understood phenomena in solar physics. Yet they are often central to many studies as they can provide unique insights into the fundamental processes driving solar activity (e.g., Fletcher et al. 2011; Cheung & Isobe 2014; Bellot Rubio & Orozco Suárez 2019).
Some solar features are relatively easy to identify because of their clear signatures, whereas others are much harder to detect, as they may only manifest in specific wavelength ranges or over short temporal windows (e.g., Bhatnagar et al. 2024; Soler Poquet et al. 2025). A common strategy for gaining physical insight into the underlying solar phenomena is to infer the physical parameters of the solar atmosphere (e.g., temperature, velocity, and magnetic field) through spectropolarimetric inversions. However, these methods (e.g., Ruiz Cobo & del Toro Iniesta 1992; de la Cruz Rodríguez et al. 2019; Li et al. 2022) are generally too computationally expensive to be applied systematically to large datasets or extended time series, which limits their use in the context of big data. While recent efforts have successfully accelerated spectropolarimetric inversions (e.g., Asensio Ramos & Díaz Baso 2019; Sainz Dalda et al. 2019; Díaz Baso et al. 2022), this approach merely shifts the computational bottleneck from managing large raw datasets to the subsequent analysis and interpretation of massive volumes of inversion results.
An alternative approach is to analyze the spectra directly in a statistical manner, searching for patterns without relying on physical models or prior assumptions about the underlying processes (unsupervised learning). Clustering algorithms, for instance, can group similar sets of features (e.g., spectral lines, light curves, etc.) together and thereby reveal underlying structures in the data. Several successful applications of such methods in solar physics have been realized, pioneered by Pietarila et al. (2007) and Viticchié & Sánchez Almeida (2011). For example, Panos et al. (2018) and Kuckein et al. (2020) employed k-means clustering to identify different types of spectral profiles (and hence atmospheric conditions) during flares and filament eruptions, demonstrating the potential of this technique to categorize solar events based solely on their spectral characteristics. However, because global-trend methods are optimized to capture the bulk variance of the data, isolating subtle rare events – beyond just extreme outliers – often requires impractically large cluster numbers or extensive tuning. For example, Bhatnagar et al. (2024) reported substantial difficulties when applying k-means to identify quiet-Sun Ellerman bombs (QSEBs). The rarity of QSEB spectral profiles forced them to use a very large number of clusters and careful hyperparameter tuning, and even then a biased training was required to ensure that QSEB-like profiles were well represented. This illustrates the intrinsic challenge of using clustering techniques to capture unusual solar phenomena.
In contrast, anomaly detection offers a targeted approach to identifying samples that deviate significantly from the norm (e.g., Chandola et al. 2009; Lochner & Bassett 2021; Wang et al. 2022; Böhm et al. 2023). While there are many strategies (reconstruction-based methods, clustering-based techniques, etc.), density-based methods are particularly powerful for scientific discovery: by modeling the full multidimensional probability distribution of the data, we can statistically define “rareness” as a low probability. This allows us to quantify how anomalous a given spectrum is without defining a priori what we are looking for (see the review by Pang et al. 2020 for a detailed description).
While this task is straightforward in one dimension (essentially equivalent to constructing a histogram), it becomes much more challenging when dealing with high-dimensional data that combine many correlated wavelength measurements across several spectral windows with the full description of light and polarization through the Stokes parameters, as well as their spatial and temporal extension. To tackle this challenge, we employed normalizing flows (NFs; Papamakarios et al. 2021). Unlike traditional methods, NFs can learn complex, high-dimensional distributions with high precision, making them well suited for the systematic discovery of rare events that may otherwise be missed (e.g., Ciuca & Ting 2022). Building on their successful application to spectropolarimetric inference in solar physics (Díaz Baso et al. 2022), we adapted NFs to the complementary problem of unsupervised anomaly detection, where the goal is to characterize the distribution of observed spectra rather than to infer atmospheric parameters.
In this work, we present Inspectorch, an open-source Python package that implements these powerful density estimators to enable the systematic discovery of rare events in solar spectropolarimetric observations. The paper is organized as follows. We demonstrate how NFs serve as a robust baseline for unsupervised anomaly detection in solar physics, capable of assigning precise probabilities to complex spectra (Sect. 2). Next, we demonstrate the method’s effectiveness using data from diverse facilities – Hinode, Interface Region Imaging Spectrograph (IRIS), the Swedish 1-m Solar Telescope (SST), the Solar Dynamics Observatory (SDO), and Solar Orbiter – identifying peculiar data samples associated with uncommon, and likely interesting, physical phenomena that standard methods overlook (Sect. 3). Furthermore, we show how the framework naturally generalizes to detect anomalies in spatial and temporal domains. Finally, we explore flow matching as a preliminary future direction for scaling to even larger datasets (Sect. 4) and conclude with a brief discussion on the implications of this work (Sect. 5).
2. Anomaly detection as density estimation
In solar physics, we are often interested in identifying events that are physically distinct from the dominant background. Statistically, if the observed data x (e.g., a spectral vector) are treated as samples drawn from an unknown probability distribution p(x), then common physical states correspond to regions of high probability density, while rare or anomalous states populate the low-density tails. Formally, we defined an anomaly as any sample x satisfying p(x) < ϵ, for a user-defined threshold ϵ. The task of unsupervised anomaly detection thus reduces to estimating the scalar function p(x) directly from the observed data, without labeled examples or prior assumptions about the underlying physical mechanisms.
2.1. Normalizing flows
Classical density estimation techniques, such as Gaussian mixture models, struggle with the high dimensionality and nonlinear correlations of modern solar observations. To overcome this, the field has increasingly turned to deep generative models – advanced neural networks designed to learn the underlying probability distribution of complex datasets. However, different generative approaches have important limitations for anomaly detection. Variational autoencoders, for example, rely on probabilistic latent representations and approximate optimization objectives, which limit their sensitivity to outliers. Generative adversarial networks, while capable of producing highly realistic synthetic data, do not provide an explicit probability for a given observation. Normalizing flows offer a principled alternative: they are expressive enough to capture complex, multimodal solar distributions, while mathematically guaranteeing exact likelihood calculations. Although they are capable of generating synthetic data, we exclusively exploited their density estimation properties here.
Normalizing flows (see, e.g., Papamakarios et al. 2021; Kobyzev et al. 2021 for reviews) model a complex data distribution pX(x) by transforming a simple base distribution pZ(z) (typically a standard multivariate Gaussian) through an invertible and differentiable mapping x = f(z). As illustrated in Fig. 1, for a one-dimensional example, samples are generated by mapping latent variables from the base distribution to the data space (z → x), while likelihood evaluation requires the inverse mapping from data space back to latent space (x → z).
	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. Schematic illustration of the NF approach for rare event detection for 1D data. The model learns an invertible transformation that maps a simple distribution (typically a Gaussian) to a complex distribution. Samples can be generated by mapping from latent space to data space (solid arrows), while likelihoods are evaluated by the inverse mapping (dashed arrows). Events with very low probabilities correspond to rare or anomalous samples.



Invertibility is therefore essential: the same transformation must support both sampling and exact probability evaluation. Differentiability ensures that local expansions and contractions of the density – visible in Fig. 1 – are preserving the total probability. In one dimension, for x = f(z), probability conservation implies pX(x) dx = pZ(z) dz and hence [image: Mathematical equation: $ p_X(x)=p_Z(z)\left|\frac{dz}{dx}\right| $]. The multidimensional case replaces the derivative by the Jacobian determinant, yielding the following expression:
[image: Mathematical equation: $$ \begin{aligned} p_X(\mathbf{x }) = p_Z(\mathbf{z }) \left| \det \left(\frac{\partial \mathbf{z }}{\partial \mathbf{x }}\right) \right|&= p_Z(\mathbf{z }) \left| \det \left(\frac{\partial \mathbf{f }(\mathbf{z })}{\partial \mathbf{z }}\right)^{-1} \right| \end{aligned} $$](1)
[image: Mathematical equation: $$ \begin{aligned}&= p_Z(\mathbf{f }^{-1}(\mathbf{x })) \left| \det \left(\frac{\partial \mathbf{f }^{-1}(\mathbf{x })}{\partial \mathbf{x }}\right) \right|, \end{aligned} $$](2)
where, in each of these expressions, the first factor represents the probability density for the base distribution evaluated at the corresponding point in the latent space and the second factor accounts for the change in the volume due to the transformation (taking the absolute value of the determinant to ensure the probability density remains strictly positive), forcing the total integrated probability to be unity.
If the overall transformation is obtained by composing a sequence of K simple transformations, we can view this as a discrete evolution where z0 is the base distribution and zK = x the data distribution. The mapping is then expressed as x = f(z) = fK° …° f1(z), their inverse can also be decomposed into the components [image: Mathematical equation: $ \mathbf{f^{-1}} = (\mathbf{f}^{-1}_{K}\circ \cdots \circ {\mathbf{f}}^{-1}_{2}\circ {\mathbf{f}}^{-1}_{1}) $] and the Jacobian determinant is the product of the determinant of each component. Therefore, the logarithm (which is often more numerically stable) of the probability of the overall transformation is then
[image: Mathematical equation: $$ \begin{aligned} \log p_X(\mathbf{x }) = \log p_Z(\mathbf z _0) + \sum ^K_{k=1}\log \left|\det \left(\frac{\partial \mathbf{f }_k (\mathbf z _{k-1})}{\partial \mathbf{z _{k-1}}}\right)^{-1}\right| \end{aligned} $$](3)
where zk = fk(zk − 1).
The term NF refers to the compositional character described above and sketched in Fig. 1, where multiple transformations are iteratively changing the overall shape of the intermediate distributions pk(zk). This compositional perspective has been extended in more recent generative frameworks, including diffusion models and continuous-time flows trained via flow matching (Chen et al. 2018; Ho et al. 2020; Song et al. 2020; Lipman et al. 2022), which we briefly explore in Sect. 4 as a future scaling direction.
Normalizing flows are trained by minimizing the negative log-likelihood of the observed data. For a dataset of N samples {xi}i = 1N, the objective function is
[image: Mathematical equation: $$ \begin{aligned} \mathcal{L} _{\mathrm{NF} }(\phi ) = -\frac{1}{N}\sum ^N_{i=1} \log p_\phi (\mathbf x _i), \end{aligned} $$](4)
where log pϕ(x) is computed using Eq. (3). By minimizing ℒNF, the parameters ϕ of all fk components are adjusted so that the transformed data match the chosen base distribution, effectively mapping the highly correlated solar spectra into an uncorrelated multivariate Gaussian.
After training, the model assigns high likelihoods to common spectra and low likelihoods to rare or anomalous ones, allowing events to be ranked directly by their probability. As the method is fully unsupervised, low-probability spectra may correspond either to rare physical phenomena or to instrumental artifacts, both of which are valuable to identify.
3. Results: Applications to solar data
The following case studies validate the NF approach across different instruments and physical regimes. All the following results were obtained using Inspectorch to optimize and evaluate the flow models, demonstrating that robust anomaly detection can be achieved with minimal tuning. For each dataset, a separate model is optimized and used to isolate events with very low probability. Implementation details are provided in Appendix A.
3.1. Detecting supersonic downflows with Hinode/SP
As a first example, we applied Inspectorch to a Hinode Spectro-Polarimeter (SP) dataset that contains a complex sunspot with multiple light-bridges. Sunspots are complex structures with strong magnetic fields, and identifying rare spectral signatures within them can provide insights into their formation, development, and decay processes (e.g., Solanki 2003; Borrero & Ichimoto 2011).
This dataset shows the largest sunspot of the active region (AR) NOAA 10953, scanned on April 30, 2007, between 18:35 UT and 19:39 UT, with the spectropolarimeter on the Solar Optical Telescope (SOT/SP; Tsuneta et al. 2008; Lites et al. 2013) aboard the Hinode satellite (Kosugi et al. 2007). The data acquisition was performed by sampling the Fe I 630 nm line pair between 630.089 and 630.327 nm at steps of 21.4 mÅ using the normal map mode. The time duration per slit position was 4.8 s. The field of view (FOV) is ∼164″ × 120″ at ∼0.16″ pixel−1, centered at ( − 190″, −90″).
For the sake of simplicity in this first example, we restricted our analysis to the intensity of a single spectral line Fe I 630.15 nm, sampling the spectral range between 630.089 and 630.220 nm in Nλ = 62 spectral points. We considered all pixels to be independent, so the dataset consists of a matrix with size (Nx × Ny, Nλ). Once the NF is trained, we evaluated it on all pixels in the FOV to construct a probability map. Figure 2 shows this likelihood map, highlighting the profiles with very low probabilities in red. These regions are extremely scarce, representing only ∼0.14% of all pixels (defined here as log pϕ(x) <  − 100).
	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Application of Inspectorch to a Hinode/SP dataset containing a sunspot. Left panels: Continuum intensity map at 630.10 nm and log-probability log pϕ(x) map. The color scale is clipped to highlight the most extreme values, although some pixels have log-probabilities below −110. Right panel: Example of two of the most unusual spectra extracted from the low-probability regions. All spectral profiles are normalized to their own maximum value to facilitate shape comparison (a.u. stands for arbitrary units); the likelihood evaluation is performed on the un-normalized spectra. A vertical dashed line indicates Doppler shifts of 10 km s−1, and an average quiet-Sun profile is shown for reference in gray.



By analyzing the spatial distribution of those pixels in Fig. 2, we find they mainly appear at the boundary between the sunspot penumbra and the surrounding granulation. These profiles correspond to regions with two components: a superposition of two velocity components of the spectral line, Doppler-shifted relative to each other. One of these components often exhibits very strong downflows on the order of 10 km s−1. Two of those profiles are extracted and shown in red in the rightmost panels of Fig. 2. These profiles are best interpreted as two-component spectra rather than emission-core profiles, as strong velocity gradients within the resolution element are far more plausible than the extreme heating required to produce photospheric emission (Borrero et al. 2013).
This is not the first time that mass flows exceeding the photospheric sound speed (∼6 km s−1) have been reported. Indeed, since the launch of Hinode, studies have reported the presence of strong downflows around 7−14 km s−1 in the photosphere (e.g., Bellot Rubio et al. 2007; Shimizu et al. 2008). In particular, the downflows in the periphery of sunspots were interpreted as representing the formation of a strong field concentration through the process of convective collapse. All of these detections were based on Stokes V profiles with a signal excess of about 250−400 mÅ offset from the line core.
These downflows are not as evident in single-wavelength intensity images, as lower intensities can easily be confused with intergranular lanes or other darker features in the quiet Sun. To address this, Inspectorch uses the full intensity profile of the spectral line to detect these anomalies. For comparison, we also applied Inspectorch to the Stokes V profiles of the same dataset, and the results are shown in Appendix C. The probability map obtained from the Stokes V profiles is similar to the one obtained from the intensity profiles, but also includes other regions with unusual physical processes, such as the presence of strong magnetic field gradients in the line of sight that produce complex Stokes V profiles. This shows that the definition of unusual events as observed in different Stokes profiles can differ, directly reflecting the distinct physical mechanisms they trace.
3.1.1. Comparison with isolation forest.
To assess the performance of Inspectorch relative to commonly used anomaly detection methods, we compared it with isolation forest (Liu et al. 2008, 2012), a widely adopted, nonparametric algorithm. Isolation forest identifies anomalies based on how easily individual samples can be isolated through random partitioning of the feature space, without explicitly modeling the underlying data distribution. It has been successfully applied in a variety of scientific contexts, including the identification of error sources in gravity-field data from GRACE (Lasser et al. 2025) and serves as the default method in other prominent astrophysical frameworks, such as Astronomaly (Lochner & Bassett 2021).
To explicitly demonstrate how both methods handle spectral correlations, we designed a controlled bottom-up experiment using the Hinode sunspot dataset. In the first stage, both Inspectorch and isolation forest were provided with a single intensity value sampled from the line wing. In the second stage, an additional intensity value from the line core was included, introducing correlated spectral information originating from different atmospheric heights. Figure 3 shows the log-probability maps produced by Inspectorch (top panels) and the anomaly score maps produced by isolation forest (bottom panels). The left column shows the results using a single spectral point, while the right column corresponds to the two-point case.
	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Comparison between the application of NFs and isolation forests to the Hinode dataset shown in Fig. 2. Top panels: log-probability map computed when using the method based on NFs with the Hinode dataset: with one wavelength point (the continuum at 6301.0 nm; left) and two wavelength points (the continuum at 6301.0 nm and the core at 6301.5 nm; right). Bottom panels: Anomaly score map computed using the isolation forest method with the same dataset and same wavelength points. Note that isolation forest produces anomaly scores, not probabilities.



For Inspectorch, the inclusion of the second spectral point leads to a clear refinement of the probability map, revealing more coherent and physically meaningful structures. For example, the umbra becomes less unusual because it is highly homogeneous and self-similar. In contrast, the anomaly map produced by isolation forest remains largely unchanged when the additional information is included. This behavior reflects a fundamental difference between the two approaches: while isolation forest relies on feature-wise partitioning, the NF architecture underlying Inspectorch explicitly models the joint distribution, allowing subtle, physically relevant correlations to influence anomaly detection. Furthermore, when provided with the full spectral profile, the anomaly map produced by isolation forest remains virtually identical to the two-point case. This indicates that the algorithm struggles to extract additional meaningful information from the higher-dimensional space, whereas Inspectorch continues to refine its structural probability map as more correlated wavelengths are introduced (Díaz Baso et al. 2023).
3.2. Probing the transition region with IRIS
To demonstrate the versatility of Inspectorch across different atmospheric regimes, we applied the method to observations of a coronal hole obtained with IRIS (De Pontieu et al. 2014). The data consist of a raster scan acquired on October 9, 2013, between 23:26 UT on October 9 and 02:56 UT on October 10, centered at (511″, 296″). These observations encompass several ultraviolet spectral lines formed in the chromosphere and transition region, providing access to highly dynamic plasma environments.
In this example, we focused on the Si IV 139.4 nm line, relevant for studying dynamic events in the solar chromosphere and transition region (e.g., Cho et al. 2024; Murabito et al. 2026). Although only a single line is used here, the method naturally allows for the concatenation of multiple spectral lines to jointly probe different atmospheric heights. As in the previous cases, each pixel is treated as an independent sample, and the optimized NF is evaluated across the full FOV.
Figure 4 shows the resulting log-probability and intensity maps for this IRIS observation. The log-probability map reveals that the most unusual spectral profiles are predominantly located in the magnetic network, i.e., near the boundaries of supergranular cells, where Si IV emission is typically strongest due to a variety of highly dynamic transition-region phenomena (e.g., network jets and explosive events; Panesar et al. 2018; Chen et al. 2019; Faber 2022). Pixels with a log-probability log pϕ(x) <  − 150 represent approximately 2.5% of the FOV. Importantly, the low probabilities are not driven solely by high intensities, but by spectra with large Doppler shifts and asymmetric line profiles. These correspond to strong upflows and downflows with velocities of up to ∼70 km s−1, as illustrated by the two example spectra extracted from the anomalous regions.
	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Application of Inspectorch to an IRIS dataset of a coronal hole. Left panels: Intensity map at the core of the Si IV line and log-probability log pϕ(x) map. Dashed lines indicate the boundaries of the coronal hole as seen in SDO/AIA 193 Å. The color scale in the log-probability map is clipped to a minimum of −150 to enhance contrast, though some pixels exhibit lower values. Right panel: Example of two of the most unusual spectra extracted from the low-probability regions. All spectral profiles are normalized to their own maximum value to facilitate shape comparison (a.u. stands for arbitrary units); the likelihood evaluation is performed on the un-normalized spectra. Vertical dashed lines indicate Doppler shifts of ±70 km s−1, and an average quiet-Sun profile is shown in gray for reference.



The observed 20−30 Mm spacing of the bright Si IV network in the coronal hole, together with the associated strong Doppler excursions, is consistent with the supergranular-scale organization recently identified by Parker Solar Probe as the source of interchange-reconnection jets contributing to the fast solar wind (Bale et al. 2023). This suggests that the unusual spectra identified by Inspectorch provide an observational link between small-scale transition region dynamics and the large-scale outflows detected in the heliosphere.
3.3. Extreme events in high-cadence MiHI data
To push our framework to the limits of current observational capabilities, we applied the method to a dataset featuring exceptionally high spatial, spectral, and temporal resolution. The data were recorded with the Microlensed Hyperspectral Imager (MiHI; van Noort et al. 2022), a prototype integral field spectrograph at the SST, which provides a full spectrum at every spatial pixel simultaneously. The observations were recorded on August 9, 2018, targeting a quiet-Sun region near disk center. The dataset consists of 128 × 114 pixels2 with a spatial sampling of 0.065″, covering the Fe I 630.15 and 630.25 nm lines (630.05−630.39 nm) with Nλ = 340 spectral points (10 mÅ), and a cadence of 3.3 s over 20.8 minutes.
After training Inspectorch on the full MiHI dataset (Nt, Nx, Ny, Nλ) = (378, 114, 128, 340), we obtained a probability estimate for every spectrum at each spatial position and time step. This results in a 4D cube of log-probabilities, enabling a rapid global assessment of extreme events. To identify particularly interesting moments, we computed, for each time step, the minimum log-probability across the FOV. The temporal evolution of these extrema is shown in Fig. 5, where the maximum log-probability remains relatively stable, reflecting the dominance of typical spectra, while the minimum log-probability exhibits sharp, isolated dips. These dips indicate the occurrence of highly unusual events confined to specific locations and times.
	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Temporal evolution of the minimum (red line) and maximum (gray line) log-probability values in a time series of MiHI observations. Sharp dips in the minimum log-probability indicate the occurrence of very unusual events.



Applying standard clustering algorithms to an entire dataset often dilutes rare signatures among the vastly more common spectra, requiring an impractical number of clusters to isolate unusual features. Instead, we focused our analysis exclusively on the low-probability tail of the distribution. As shown in the histogram in Fig. 6, the log-probabilities exhibit a pronounced tail toward low values. By adopting a threshold of log pϕ(x) < 0, we isolated the rarest ∼0.1% of all pixels.
	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Distribution of the log-probability values in the MiHI dataset. The percentage in the legend indicates the fraction of all profiles with a log-probability below the vertical line.



Applying k-means clustering solely to this extreme subset avoids the dilution problem and efficiently reveals three dominant families of unusual spectral profiles. Figure 7 shows a representative example from each of the three families of unusual spectra identified in the MiHI dataset. We have included here the spectral range of the two Fe I lines, which helps to visualize the different sensitivity of the two lines during the events. All identified spectra represent snapshots of highly dynamic processes rather than isolated events and involve line-of-sight velocities comparable to or exceeding the photospheric sound speed.
	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Selection of the three most unusual spectra identified in the MiHI temporal series. Each row shows the log-probability map (left) and the continuum intensity map (middle) at the time of the spectrum (right). A cross marks the location of the spectrum in the maps. The color scale of the log-probability map is clipped to a minimum to enhance contrast. The spectra are normalized to the average quiet-Sun intensity at the time of the observation. The gray spectra represent the average quiet Sun profile of this dataset. This figure does not include the full spectral range in MiHI but rather the inner region around the two Fe I lines.



The first family (top row) is characterized by very strong upflows reaching velocities of 8 km s−1, which are extremely rare in the quiet Sun. These values exceed previously reported photospheric upflows of ∼4 km s−1 associated with so-called photospheric jets (Martínez Pillet et al. 2011; Borrero et al. 2013; Jafarzadeh et al. 2015), which have been interpreted in terms of magnetic reconnection between emerging flux and preexisting fields. While we did not analyze the magnetic properties here, the diverse environments in which these profiles appear suggest that multiple physical mechanisms are involved.
The second and third families (middle and bottom rows) correspond to strong downflows observed in photospheric bright points. Downflows reaching velocities of 6 km s−1 are commonly associated with the formation and intensification of magnetic elements (e.g., Nagata et al. 2008; Utz et al. 2014), consistent with evacuation processes seen in magnetohydrodynamic simulations (Danilovic et al. 2010). The third family represents a more extreme and less frequent case, with downflow velocities approaching 8 km s−1. In all cases, the detected spectra capture transient phases of evolving processes rather than steady-state phenomena.
This MiHI example highlights the power of likelihood-based anomaly detection, combined with targeted clustering, to efficiently identify and categorize extreme events in high-cadence, high-dimensional solar datasets, paving the way for similar analyses in forthcoming large-scale observations.
3.4. Disentangling multichannel information with SDO/AIA
A fundamental challenge in analyzing broadband solar imagery is disentangling mixed emission contributions originating from different atmospheric heights. The Atmospheric Imaging Assembly (AIA; Lemen et al. 2012) on board the SDO (Pesnell et al. 2012) provides quasi-uninterrupted full-disk observations of the Sun in multiple passbands, each sampling overlapping atmospheric layers. As a result, individual AIA channels often contain mixed contributions from different heights, which complicates the interpretation of observed structures.
A well-known example is the similarity between the 1600 Å and 1700 Å passbands, which primarily sample the upper photosphere (Fossum & Carlsson 2005; Rutten et al. 2013). The 1600 Å channel, however, also includes contributions from the transition region through the C IV doublet, which manifests as elongated, transient brightenings not present in the 1700 Å images (Rutten et al. 2013; Vissers et al. 2015). Distinguishing these overlapping physical contributions presents an ideal scenario for multichannel density estimation.
We addressed this by modeling the joint probability distribution of the 1600 Å and 1700 Å intensities simultaneously. Specifically, we analyzed the AR NOAA 11084, observed on June 28, 2010, and centered at (−720″, −345″), previously studied by Vissers et al. (2019) and Soler Poquet et al. (2025). For each pixel, we concatenated the intensities from the 1600 Å and 1700 Å passbands. The resulting log-probability maps are shown in the first column of Fig. 8 for three representative time steps, alongside the corresponding 1600 Å and 1700 Å intensity images. The lowest-probability pixels systematically coincide with bright, elongated structures visible in the 1600 Å passband that lack a corresponding signature in 1700 Å.
	[image: Thumbnail: Fig. 8. Refer to the following caption and surrounding text.]	Fig. 8. Selection of the three most unusual spectra identified in the SDO dataset when combining the 1600 Å and 1700 Å channels. The log-probability map (left) tends to capture the transition-region contribution of the 1600 Å channel as the unusual behavior. The dashed contours enclose regions where the probability map has a value below −50 (top row), below −18 (middle row), and below −18 (bottom row).



This behavior indicates that Inspectorch successfully isolates intensity-passband signatures that break the typical correlation between the two passbands. We interpret these low-probability events as originating in the transition region, where enhanced C IV emission contributes to the 1600 Å channel but not to 1700 Å. In contrast, the majority of pixels, dominated by upper-photospheric emission, exhibit highly correlated intensities in both channels and high probabilities are assigned by the model.
This example demonstrates how modeling joint multichannel distributions enables Inspectorch to disentangle mixed atmospheric contributions and highlight physically distinct phenomena that are difficult to isolate using single-channel or threshold-based analyses.
3.5. Generalizing to spatial and temporal features
While the previous sections focused on detecting unusual spectral profiles, the proposed framework is not restricted to spectral information. In general, Inspectorch can model the probability distribution of any set of features extracted from the data, provided they can be represented as vectors. This flexibility allows the method to be naturally extended to spatial, temporal, or spatio-temporal structures, enabling the detection of anomalous patterns beyond purely spectral signatures.
3.5.1. Spatial anomaly detection in Hinode/SP
To incorporate spatial information, we modeled the distribution of local patches extracted from the data. Instead of relying on specialized neural network architectures tailored to spatial data, such as convolutional networks, we directly treated small spatial neighborhoods as multivariate samples drawn from an unknown distribution. By simply flattening these 2D patches into 1D vectors, Inspectorch captures local spatial context while preserving the generality of our standard NF framework.
An example of this approach is shown in Fig. 9, where Inspectorch is applied to the spatial dimension of a Hinode/SP observation. We extracted 5 × 5 pixel patches from the data, flattened them into 25-element vectors, and modeled their distribution using a NF. The resulting log-probability map highlights regions with spatial patterns that deviate from the dominant morphology in the FOV. These regions correspond to localized structures whose spatial organization differs from the more common patterns present in the surrounding atmosphere, providing a data-driven way to identify unusual spatial features.
	[image: Thumbnail: Fig. 9. Refer to the following caption and surrounding text.]	Fig. 9. Application of Inspectorch to the spatial dimension of the Hinode/SP dataset, using a 5 × 5 pixel patch. The log-probability map highlights regions with unusual spatial patterns.



3.5.2. Temporal anomaly detection
Beyond spatial information, temporal variability provides an additional and often crucial dimension for distinguishing between different solar phenomena. In many cases, physically distinct processes can appear similar in single snapshots, while exhibiting markedly different temporal evolution. By modeling the distribution of short temporal segments, Inspectorch can identify rare or impulsive dynamical behavior that is not captured by intensity-based or static criteria alone. Similar to the spatial approach, we treated short temporal segments as independent multivariate samples. By flattening these temporal windows into 1D feature vectors, the framework can model their distribution and identify rare or impulsive dynamical behavior that static criteria overlook.
3.5.2.1. Ellerman bombs versus network bright points in SDO/AIA:
A particularly illustrative application of temporal anomaly detection is the separation of Ellerman bombs (EBs) from network bright points using the AIA 1600 Å and 1700 Å passbands. As shown by Soler Poquet et al. (2025), the two phenomena can exhibit comparable brightness in these channels, making them difficult to distinguish based on intensity information at a single time step. This ambiguity is further compounded by the fact that both features often occur in strongly magnetized environments.
Despite their similar appearance in individual images, EBs and network bright points exhibit markedly different temporal behavior. EBs are characterized by impulsive light curves with rapid intensity variations and typical lifetimes of approximately 3 minutes (Vissers et al. 2019). In contrast, network bright points generally show smoother and more sustained temporal evolution, with typical lifetimes of about one hour (Hagenaar & Shine 2005). These differences in temporal dynamics provide a robust physical basis for their separation.
To exploit this distinction, we applied Inspectorch to the temporal evolution of the AIA intensities of the same AR, NOAA 11084, discussed in Sect. 3.4. The model is trained on temporal windows of 11 consecutive time steps for both the 1600 Å and 1700 Å passbands, corresponding to approximately 4.4 minutes of observations. This window length is sufficient to capture the impulsive variability characteristic of EBs while remaining short compared to the typical evolution time of network bright points.
The results of this temporal analysis are shown in Fig. 10. This figure presents the AIA 1600 Å around 07:50 UT and the log-probability map estimated at that moment (with the information of 11 time steps centered at this frame). The log-probability map (upper panel) highlights pixels whose temporal behavior deviates from the dominant patterns in time. These low-probability regions coincide with three isolated events that display impulsive light curves, shown as red contours in the lower panel. For comparison, a simple intensity-based selection (yellow contours) identifies a much larger number of bright features, many of which do not exhibit EB-like temporal behavior. This demonstrates that incorporating temporal information through probabilistic modeling provides a robust, physically grounded framework to distinguish between phenomena that are otherwise identical under static intensity criteria.
	[image: Thumbnail: Fig. 10. Refer to the following caption and surrounding text.]	Fig. 10. Application of Inspectorch to the temporal dimension of the SDO/AIA dataset using a temporal window of 11 time steps (4.4 minutes). Top: log-probability map derived from the temporal evolution of the 1600 Å and 1700 Å passbands. Bottom: Corresponding AIA 1600 Å intensity image at the central frame of the temporal window (approx. 07:50 UT). The yellow contours mark regions with intensities exceeding three times the average quiet-Sun intensity at the time of the observation. The red contours highlight pixels with log-probability values below −30, identifying locations with unusual temporal behavior within the interval. A movie showing the full temporal evolution is available online.



3.5.2.2. Transient coronal events with Solar Orbiter/EUI:
We further demonstrate the generality of the temporal anomaly detection approach by applying Inspectorch to coronal observations from the Extreme Ultraviolet Imager (EUI; Rochus et al. 2020) on board Solar Orbiter (Müller et al. 2020). In the extreme ultraviolet, the corona is dominated by slowly evolving background emission, within which small-scale transient events can be difficult to identify using simple intensity-based criteria.
We used images from the High Resolution Imager (HRIEUV) at 174 Å taken on October 9, 2024, between 09:15 and 09:48 UT with a cadence of 6 seconds. The data were processed to Level 3, including denoising, co-alignment, and re-projection, ensuring that the observed temporal variability reflects physical evolution rather than instrumental effects. More details on the data processing can be found in Poirier et al. (2025).
The high cadence of modern solar instruments like EUI can lead to temporal vectors with dimensionalities that are impractical for efficient density estimation. To address this, we employed a dimensionality reduction strategy based on the Fourier transform of the time series. Instead of modeling the raw temporal frames, we calculated the power spectral density for each pixel. We retained frequencies corresponding to physical timescales ranging from approximately 12 seconds to 11 minutes. Although this decomposition discards phase information – meaning it identifies anomalous spatial locations without localizing their exact timestamps – it successfully preserves the critical amplitude information required to detect dynamic anomalies while significantly reducing the computational cost and improving the stability of the optimization process. We applied Inspectorch to the power spectral density vectors and confirmed that the results are consistent with those obtained from the raw time series, but were obtained significantly faster.
Figure 11 shows the resulting log-probability map (top panel) for the whole time-series together with an intensity image at the beginning of the observations (bottom panel). The probability map highlights regions with unusual temporal variability, which in this wavelength are often associated with distinct physical processes. Specifically, Inspectorch isolates small-scale transient brightenings (Berghmans et al. 2021) as well as oscillations of coronal loops at larger scales (Poirier et al. 2025); see Fig. 11. These events exhibit rapid intensity fluctuations compared to the surrounding corona and emerge clearly as low-probability regions in the output, illustrating the ability of the method to isolate diverse dynamic coronal events without relying on ad hoc thresholds or feature-specific tuning.
	[image: Thumbnail: Fig. 11. Refer to the following caption and surrounding text.]	Fig. 11. Application of Inspectorch to the temporal dimension of the Solar Orbiter/EUI dataset, using a Fourier decomposition for dimensionality reduction. Top: log-probability map of the time series. Bottom: 174 Å passband at the start of the observations. Solid boxes labeled A highlight regions corresponding to small-scale transient brightenings, while dashed boxes labeled B indicate areas exhibiting coronal loop oscillations. A movie showing the full temporal evolution is available online.



4. Scaling density estimation via flow matching
While standard NFs effectively solve the anomaly detection problem as demonstrated in previous sections, they impose strict architectural constraints. To guarantee invertibility and efficient Jacobian determinant evaluation (Eq. 1), the transformation f must be composed of specialized layers (e.g., coupling layers). As the intrinsic dimensionality of the observations grows and overall dataset volumes approach the petabyte scale, these constraints can limit expressivity or become prohibitively slow to train at scale.
To address this, we explored flow matching (Lipman et al. 2022), a method for training Continuous NFs that we have also integrated into the Inspectorch framework. This approach generalizes the discrete sequence of transformations described in Sect. 2.1 into a continuous-time evolution. By relaxing architectural constraints while preserving the rigorous probabilistic framework, flow matching is rapidly gaining traction across various scientific domains (Vidal et al. 2025).
4.1. From discrete layers to continuous vector fields
We generalized the discrete sequence of transformations described in Sect. 2.1 into a continuous-time evolution. We defined a probability density path pt(x), parameterized by time t ∈ [0, 1]. This path interpolates between a simple base distribution at t = 0 (denoted p0(x), equivalent to pZ(z) in Sect. 2.1) and the target data distribution at t = 1 (denoted p1(x), equivalent to pX(x)).
The evolution of a sample x(t) along this path is governed by a time-dependent vector field vϕ(x, t), parameterized by a neural network with parameters ϕ. The trajectory is defined by the ordinary differential equation (ODE):
[image: Mathematical equation: $$ \begin{aligned} \frac{d\mathbf x (t)}{dt} = \mathbf v _\phi (\mathbf x (t), t). \end{aligned} $$](5)
The final data sample is obtained by integrating this flow from t = 0 to t = 1:
[image: Mathematical equation: $$ \begin{aligned} \mathbf x (1) = \mathbf x (0) + \int _0^1 \mathbf v _\phi (\mathbf x (t), t) \, dt. \end{aligned} $$](6)
This formulation is the continuous analog to the discrete composition. The change in log-probability is given by the continuous change of variables formula (Chen et al. 2018):
[image: Mathematical equation: $$ \begin{aligned} \log p_1(\mathbf x (1)) = \log p_0(\mathbf x (0)) - \int _0^1 \mathrm{Tr} \left(\frac{\partial \mathbf v _\phi (\mathbf x (t), t)}{\partial \mathbf x (t)}\right) dt. \end{aligned} $$](7)
Comparing Eqs. (3) and (7) reveals the fundamental trade-off. Continuous flows allow vϕ to be modeled by any neural network without invertibility constraints, but require numerical ODE integration to compute likelihoods.
Standard continuous NFs were historically slow to train because solving the ODE and computing the integral at every training step is computationally expensive. Flow matching circumvents this by learning a vector field that constructs a known path between noise and data. The most popular choice is conditional flow matching with optimal transport paths, where the trajectory between a data sample x1 and a noise sample x0 is a straight line. This implies a constant target velocity ut = x1 − x0. The training objective simplifies to a least-squares regression. For a batch of N training triplets {x1, i, x0, i, ti}i = 1N, where x1, i is drawn from the dataset, x0, i from the base distribution, and ti from [0, 1], the loss is
[image: Mathematical equation: $$ \begin{aligned} \mathcal{L} _{\mathrm{FM} }(\phi ) = \frac{1}{N} \sum _{i=1}^{N} \left\Vert\mathbf v _\phi (\mathbf \psi _i, t_i) - (\mathbf x _{1,i} - \mathbf x _{0,i})\right\Vert^2, \end{aligned} $$](8)
where ψi = (1 − ti)x0, i + tix1, i is the location of the sample at time ti. This loss function is highly scalable as it requires only simple forward passes of the network without ODE integration.
4.2. Performance trade-offs
To quantify the practical implications of this continuous formulation, we evaluated both approaches on the Hinode/SP dataset (8 × 105 spectra). In terms of optimization scalability, flow matching required only 0.8 minutes to train – approximately five times faster than the discrete NF (4.5 minutes) – benefiting from its unconstrained architecture and simulation-free objective. However, during inference, computing the log-probabilities for the full dataset took nearly 5 minutes with flow matching due to the numerical integration required in Eq. (7), compared to just 10 seconds for the discrete flow.
In summary, based on these trade-offs, we recommend standard NFs (Sect. 2.1) for datasets that fit within memory (e.g., Hinode and IRIS), where rapid, interactive anomaly detection is a priority. For future petabyte-scale campaigns where training time is the bottleneck, flow matching could provide the necessary scalability, though accelerating the inference process will be essential to make it fully viable for routine analysis.
5. Summary and conclusions
In this study, we introduced Inspectorch, an open-source tool based on flow-based models–a highly flexible class of probabilistic density estimators designed to efficiently identify rare and unusual events in complex solar observations. The method provides a robust and general framework for anomaly detection by assigning physically meaningful probabilities to individual data samples. We demonstrated its applicability across a broad range of instruments and observing modalities, including Hinode/SP, IRIS, MiHI/SST, SDO/AIA, and EUI/Solar Orbiter.
Many physically important solar phenomena remain poorly explored because they are rare and difficult to identify within large datasets. The probabilistic framework provided by Inspectorch enables a systematic and unbiased search for such events. Our main findings can be summarized as follows:

	
Inspectorch successfully models the full multidimensional probability distribution of solar spectra and related observables, allowing each sample to be assigned a quantitative probability. This enables a natural and objective ranking of events by their degree of rarity.



	
Across all datasets examined, the method consistently isolates extreme events occupying only a very small fraction of the data (typically ∼0.1%). These rare samples exhibit distinctive spectral or temporal signatures indicative of extreme physical conditions or unresolved dynamic processes that are often overlooked or diluted by standard analysis techniques such as clustering or threshold-based selection.



	
The probabilistic output of Inspectorch provides actionable guidance for prioritizing scientific follow-up. In particular, it can be used to focus computationally expensive spectropolarimetric inversions onto targeted subregions (e.g., Díaz Baso et al. 2021) on the most unusual and potentially most informative events, enabling physical insight before using significant computational resources. This capability will become increasingly important as dataset sizes continue to grow.



	
A direct comparison with the widely used isolation forest algorithm demonstrates that Inspectorch offers a substantially larger dynamic range in anomaly scores through its log-probability estimates. This suggests a higher sensitivity to subtle but physically meaningful deviations from typical behavior.



	
The model architecture requires minimal hyperparameter tuning. All results presented in this work were obtained using the same configuration. However, the choice of input features (including the choice of spectral lines or the size of spatial and temporal patches) remains a physical decision that should be driven by the specific scientific objectives.



	
Finally, our exploratory analysis of flow matching highlights a promising path forward for future large-scale applications. While it offers substantial gains in training scalability, inference remains slower due to the required integration. Future work will focus on developing efficient estimators or approximations for the log-likelihood integration, which would allow us to retain the training speed of flow matching while recovering the fast inference speeds required for routine solar data analysis.




Flow-based density estimators, as implemented in Inspectorch, are a powerful addition to the solar physicist’s data analysis toolkit. By shifting the focus from predefined feature searches to probabilistic exploration, they enable the discovery of unexpected phenomena in large and complex datasets. As solar observations continue to increase in complexity and dimensionality, probabilistic approaches such as Inspectorch provide a general way to navigate large datasets and systematically identify the most informative and physically extreme events. Since the underlying method is agnostic to the specific physical source, this framework holds significant potential for other astrophysical domains facing similar big data challenges, such as stellar spectroscopy, exoplanet characterization, or large-scale galaxy surveys.

Data availability
The implementation of Inspectorch is publicly available at https://github.com/cdiazbas/inspectorch. Movies associated with Figs. 10 and 11 are available at https://www.aanda.org
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 (Refer to website)

Movie 2 associated with Fig. 11
 (Refer to website)
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Appendix A:  Implementation details
Inspectorch is a Python library built on PyTorch (Paszke et al. 2019) that provides a unified interface for both methods. For NFs, we relied on the nflows package (Durkan et al. 2020), using rational-quadratic spline coupling layers (Durkan et al. 2019) combined with invertible linear transformations (LU-decomposition) and permutations, a strategy that has been shown to be very effective for modeling complex distributions in high-dimensional spaces (Díaz Baso et al. 2022). For flow matching, we utilized the flow_matching library (Lipman et al. 2022) with conditional optimal transport paths. The vector field (vt) is parameterized by a neural network (e.g., a residual neural network) that takes both the state (x) and time (t) as input. Probability densities are computed by integrating the ODE using the euler solver. In both cases, models are trained using the Adam or AdamW optimizer (Kingma & Ba 2014) with a learning rate of 10−4 − 10−3 for approximately 10–50 epochs until convergence.

Appendix B:  Sequential transformations
From the different families of transformations (fϕ), we used a transformation known as coupling neural splines flows (Dinh et al. 2014; Müller et al. 2018; Durkan et al. 2019). This transformation has been demonstrated to be effective at representing complex densities and are quick to train and quick to evaluate (see Papamakarios et al. 2021 and Kobyzev et al. 2021 for extensive reviews).
The idea behind the coupling transform was introduced by Dinh et al. (2014) and consists of dividing the input variable (of dimension Q) into two parts and applying an invertible transformation g to the second half (zq + 1 : Q), whose parameters are a function of the first half (i.e., z1 : q). Such transformations have a lower triangular Jacobian whose determinant is just the product of the diagonal elements, allowing us to create faster NFs. The output vector o of a coupling flow is given by
[image: Mathematical equation: $$ \begin{aligned} \mathbf o _{1:q}&= \mathbf z _{1:q} \nonumber \\ \mathbf o _{q+1:Q}&= \mathbf g _{(\mathbf{z _{1:q}})}(\mathbf z _{q+1:Q}), \end{aligned} $$](B.1)
where g(z1 : q) is an invertible, element-wise transformation whose internal parameters have been computed based on z1 : q and in our case (conditional flows) also on the observed data x. The final output of the transformation is then o = [o1 : q, oq + 1 : Q]. As coupling layers leave unmodified z1 : q, one needs to shuffle the order of the input in each step using a permutation layer so that these two halves do not remain independent throughout the network.
For the coupling transformation g, we chose a family of very expressive functions based on monotonically increasing splines (Müller et al. 2018; Durkan et al. 2019). They have demonstrated high flexibility when modeling multimodal or quasi-discontinuous densities. A spline is a piece-wise function that is specified by the value at some key points called knots. The location, value, and derivative of the spline at the knots for each dimension in oq + 1 : Q are calculated with a neural network. Each resulting distribution (and therefore each transformation) will depend on the observed data, and so the neural network will have the input [z1 : q, x].

Appendix C:  Hinode/SP dataset: Using Stokes V information
In this section we present the results of applying Inspectorch to the Hinode/SP dataset using Stokes V information, as a comparison to the results presented in the main text using only Stokes I information in Sect. 3.1. The Stokes V profiles are particularly useful for identifying magnetic features and flows in the solar atmosphere, as they show circular polarization signals at wavelengths far from the line core center only when there are strong flows; otherwise, they are expected to be zero.
	[image: Thumbnail: Fig. C.1. Refer to the following caption and surrounding text.]	Fig. C.1. Log-probability map for the Hinode/SP dataset using Stokes V information. The color scale in the log-probability map is clipped to a minimum to enhance contrast. Circled in black are the locations of the four unusual profiles shown in Fig. C.2.



	[image: Thumbnail: Fig. C.2. Refer to the following caption and surrounding text.]	Fig. C.2. Four of the most unusual spectra identified in the Hinode/SP dataset using Stokes V information. The spectra are normalized to their maximum value. The gray profile represents a typical circular polarization profile in this dataset. The dashed vertical line indicates a Doppler shift of 12 km s−1. The profile coordinates (in arcseconds) at the bottom of each panel correspond to the circled locations in Fig. C.1.
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	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. Schematic illustration of the NF approach for rare event detection for 1D data. The model learns an invertible transformation that maps a simple distribution (typically a Gaussian) to a complex distribution. Samples can be generated by mapping from latent space to data space (solid arrows), while likelihoods are evaluated by the inverse mapping (dashed arrows). Events with very low probabilities correspond to rare or anomalous samples.
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	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Application of Inspectorch to a Hinode/SP dataset containing a sunspot. Left panels: Continuum intensity map at 630.10 nm and log-probability log pϕ(x) map. The color scale is clipped to highlight the most extreme values, although some pixels have log-probabilities below −110. Right panel: Example of two of the most unusual spectra extracted from the low-probability regions. All spectral profiles are normalized to their own maximum value to facilitate shape comparison (a.u. stands for arbitrary units); the likelihood evaluation is performed on the un-normalized spectra. A vertical dashed line indicates Doppler shifts of 10 km s−1, and an average quiet-Sun profile is shown for reference in gray.
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	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Comparison between the application of NFs and isolation forests to the Hinode dataset shown in Fig. 2. Top panels: log-probability map computed when using the method based on NFs with the Hinode dataset: with one wavelength point (the continuum at 6301.0 nm; left) and two wavelength points (the continuum at 6301.0 nm and the core at 6301.5 nm; right). Bottom panels: Anomaly score map computed using the isolation forest method with the same dataset and same wavelength points. Note that isolation forest produces anomaly scores, not probabilities.
In the text



	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Application of Inspectorch to an IRIS dataset of a coronal hole. Left panels: Intensity map at the core of the Si IV line and log-probability log pϕ(x) map. Dashed lines indicate the boundaries of the coronal hole as seen in SDO/AIA 193 Å. The color scale in the log-probability map is clipped to a minimum of −150 to enhance contrast, though some pixels exhibit lower values. Right panel: Example of two of the most unusual spectra extracted from the low-probability regions. All spectral profiles are normalized to their own maximum value to facilitate shape comparison (a.u. stands for arbitrary units); the likelihood evaluation is performed on the un-normalized spectra. Vertical dashed lines indicate Doppler shifts of ±70 km s−1, and an average quiet-Sun profile is shown in gray for reference.
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	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Temporal evolution of the minimum (red line) and maximum (gray line) log-probability values in a time series of MiHI observations. Sharp dips in the minimum log-probability indicate the occurrence of very unusual events.
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	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Distribution of the log-probability values in the MiHI dataset. The percentage in the legend indicates the fraction of all profiles with a log-probability below the vertical line.
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	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Selection of the three most unusual spectra identified in the MiHI temporal series. Each row shows the log-probability map (left) and the continuum intensity map (middle) at the time of the spectrum (right). A cross marks the location of the spectrum in the maps. The color scale of the log-probability map is clipped to a minimum to enhance contrast. The spectra are normalized to the average quiet-Sun intensity at the time of the observation. The gray spectra represent the average quiet Sun profile of this dataset. This figure does not include the full spectral range in MiHI but rather the inner region around the two Fe I lines.
In the text



	[image: Thumbnail: Fig. 8. Refer to the following caption and surrounding text.]	Fig. 8. Selection of the three most unusual spectra identified in the SDO dataset when combining the 1600 Å and 1700 Å channels. The log-probability map (left) tends to capture the transition-region contribution of the 1600 Å channel as the unusual behavior. The dashed contours enclose regions where the probability map has a value below −50 (top row), below −18 (middle row), and below −18 (bottom row).
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	[image: Thumbnail: Fig. 9. Refer to the following caption and surrounding text.]	Fig. 9. Application of Inspectorch to the spatial dimension of the Hinode/SP dataset, using a 5 × 5 pixel patch. The log-probability map highlights regions with unusual spatial patterns.
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	[image: Thumbnail: Fig. 10. Refer to the following caption and surrounding text.]	Fig. 10. Application of Inspectorch to the temporal dimension of the SDO/AIA dataset using a temporal window of 11 time steps (4.4 minutes). Top: log-probability map derived from the temporal evolution of the 1600 Å and 1700 Å passbands. Bottom: Corresponding AIA 1600 Å intensity image at the central frame of the temporal window (approx. 07:50 UT). The yellow contours mark regions with intensities exceeding three times the average quiet-Sun intensity at the time of the observation. The red contours highlight pixels with log-probability values below −30, identifying locations with unusual temporal behavior within the interval. A movie showing the full temporal evolution is available online.
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	[image: Thumbnail: Fig. 11. Refer to the following caption and surrounding text.]	Fig. 11. Application of Inspectorch to the temporal dimension of the Solar Orbiter/EUI dataset, using a Fourier decomposition for dimensionality reduction. Top: log-probability map of the time series. Bottom: 174 Å passband at the start of the observations. Solid boxes labeled A highlight regions corresponding to small-scale transient brightenings, while dashed boxes labeled B indicate areas exhibiting coronal loop oscillations. A movie showing the full temporal evolution is available online.
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	[image: Thumbnail: Fig. C.1. Refer to the following caption and surrounding text.]	Fig. C.1. Log-probability map for the Hinode/SP dataset using Stokes V information. The color scale in the log-probability map is clipped to a minimum to enhance contrast. Circled in black are the locations of the four unusual profiles shown in Fig. C.2.
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	[image: Thumbnail: Fig. C.2. Refer to the following caption and surrounding text.]	Fig. C.2. Four of the most unusual spectra identified in the Hinode/SP dataset using Stokes V information. The spectra are normalized to their maximum value. The gray profile represents a typical circular polarization profile in this dataset. The dashed vertical line indicates a Doppler shift of 12 km s−1. The profile coordinates (in arcseconds) at the bottom of each panel correspond to the circled locations in Fig. C.1.
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        Schematic illustration of the NF approach for rare event detection for 1D data. The model learns an invertible transformation that maps a simple distribution (typically a Gaussian) to a complex distribution. Samples can be generated by mapping from latent space to data space (solid arrows), while likelihoods are evaluated by the inverse mapping (dashed arrows). Events with very low probabilities correspond to rare or anomalous samples.
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        Application of Inspectorch to a Hinode/SP dataset containing a sunspot. Left panels: Continuum intensity map at 630.10 nm and log-probability log pϕ(x) map. The color scale is clipped to highlight the most extreme values, although some pixels have log-probabilities below −110. Right panel: Example of two of the most unusual spectra extracted from the low-probability regions. All spectral profiles are normalized to their own maximum value to facilitate shape comparison (a.u. stands for arbitrary units); the likelihood evaluation is performed on the un-normalized spectra. A vertical dashed line indicates Doppler shifts of 10 km s−1, and an average quiet-Sun profile is shown for reference in gray.
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        Comparison between the application of NFs and isolation forests to the Hinode dataset shown in Fig. 2. Top panels: log-probability map computed when using the method based on NFs with the Hinode dataset: with one wavelength point (the continuum at 6301.0 nm; left) and two wavelength points (the continuum at 6301.0 nm and the core at 6301.5 nm; right). Bottom panels: Anomaly score map computed using the isolation forest method with the same dataset and same wavelength points. Note that isolation forest produces anomaly scores, not probabilities.
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        Application of Inspectorch to an IRIS dataset of a coronal hole. Left panels: Intensity map at the core of the Si IV line and log-probability log pϕ(x) map. Dashed lines indicate the boundaries of the coronal hole as seen in SDO/AIA 193 Å. The color scale in the log-probability map is clipped to a minimum of −150 to enhance contrast, though some pixels exhibit lower values. Right panel: Example of two of the most unusual spectra extracted from the low-probability regions. All spectral profiles are normalized to their own maximum value to facilitate shape comparison (a.u. stands for arbitrary units); the likelihood evaluation is performed on the un-normalized spectra. Vertical dashed lines indicate Doppler shifts of ±70 km s−1, and an average quiet-Sun profile is shown in gray for reference.

      

    

  
    
      Fig. 5. 

      
        [image: Fig. 5. Refer to the following caption and surrounding text.]
      

      
        Temporal evolution of the minimum (red line) and maximum (gray line) log-probability values in a time series of MiHI observations. Sharp dips in the minimum log-probability indicate the occurrence of very unusual events.
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        Distribution of the log-probability values in the MiHI dataset. The percentage in the legend indicates the fraction of all profiles with a log-probability below the vertical line.
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        Selection of the three most unusual spectra identified in the MiHI temporal series. Each row shows the log-probability map (left) and the continuum intensity map (middle) at the time of the spectrum (right). A cross marks the location of the spectrum in the maps. The color scale of the log-probability map is clipped to a minimum to enhance contrast. The spectra are normalized to the average quiet-Sun intensity at the time of the observation. The gray spectra represent the average quiet Sun profile of this dataset. This figure does not include the full spectral range in MiHI but rather the inner region around the two Fe I lines.
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        Selection of the three most unusual spectra identified in the SDO dataset when combining the 1600 Å and 1700 Å channels. The log-probability map (left) tends to capture the transition-region contribution of the 1600 Å channel as the unusual behavior. The dashed contours enclose regions where the probability map has a value below −50 (top row), below −18 (middle row), and below −18 (bottom row).
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        Application of Inspectorch to the spatial dimension of the Hinode/SP dataset, using a 5 × 5 pixel patch. The log-probability map highlights regions with unusual spatial patterns.
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        Application of Inspectorch to the temporal dimension of the SDO/AIA dataset using a temporal window of 11 time steps (4.4 minutes). Top: log-probability map derived from the temporal evolution of the 1600 Å and 1700 Å passbands. Bottom: Corresponding AIA 1600 Å intensity image at the central frame of the temporal window (approx. 07:50 UT). The yellow contours mark regions with intensities exceeding three times the average quiet-Sun intensity at the time of the observation. The red contours highlight pixels with log-probability values below −30, identifying locations with unusual temporal behavior within the interval. A movie showing the full temporal evolution is available online.

      

    

  
    
      Fig. 11. 
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        Application of Inspectorch to the temporal dimension of the Solar Orbiter/EUI dataset, using a Fourier decomposition for dimensionality reduction. Top: log-probability map of the time series. Bottom: 174 Å passband at the start of the observations. Solid boxes labeled A highlight regions corresponding to small-scale transient brightenings, while dashed boxes labeled B indicate areas exhibiting coronal loop oscillations. A movie showing the full temporal evolution is available online.
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        Log-probability map for the Hinode/SP dataset using Stokes V information. The color scale in the log-probability map is clipped to a minimum to enhance contrast. Circled in black are the locations of the four unusual profiles shown in Fig. C.2.
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        Four of the most unusual spectra identified in the Hinode/SP dataset using Stokes V information. The spectra are normalized to their maximum value. The gray profile represents a typical circular polarization profile in this dataset. The dashed vertical line indicates a Doppler shift of 12 km s−1. The profile coordinates (in arcseconds) at the bottom of each panel correspond to the circled locations in Fig. C.1.
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