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Abstract

In this study, we investigate the solar and geomagnetic parameters of the 1859 Carrington event using deep learning and empirical relationships. For this, we apply an image translation model, a popular deep learning method based on conditional Generative Adversarial Networks, to the generation of magnetograms from sunspot drawings. We train the model using pairs of sunspot data from Debrecen Photoheliographic Data and their corresponding Solar and Heliospheric Observatory/Michelson Doppler Imager (SOHO/MDI) and Solar Dynamics Observatory/Helioseismic and Magnetic Imager (SDO/HMI) magnetograms from 1996 to 2018, using data from January–July and December of each year for training and data from August and November for validation. To test the model, we compare actual magnetograms with artificial-intelligence-based (AI-based) ones for September and October. Our results show that the unsigned magnetic fluxes of AI-based magnetograms closely match those of the originals. Applying this model to Carrington’s full-disk sunspot drawing of 1 September 1859, we generate an AI-based magnetogram and estimate its unsigned magnetic flux. To estimate solar and geomagnetic parameters, we use the following empirical relationships: magnetic flux and flare peak flux, magnetic flux and coronal mass ejection (CME) speed, CME speed and transit time, CME speed and interplanetary coronal mass ejection (ICME) speed, and ICME speed and the Disturbance Storm Time (Dst) index to obtain upper-limit estimates for an extreme event. We find that the estimated Sun-Earth transit time is 16.7 h, consistent with the historical observations. The corresponding Dst value is about −1313 nT, which is broadly consistent with previous reconstruction-based estimates for the Carrington storm.
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1 Introduction
Large solar eruptions, such as solar flares and coronal mass ejections (CMEs), occur in magnetically complex active regions that often host large sunspot groups. These eruptions can significantly impact the near-Earth space environment (Pulkkinen 2007; Cliver et al. 2022; Usoskin et al. 2023). In particular, the solar storm associated with the Carrington event in 1859 resulted in one of the most powerful geomagnetic storms in recorded history and extremely disturbed the terrestrial magnetosphere (Tsurutani et al. 2003; Cliver & Dietrich 2013; Hayakawa et al. 2019, 2022). Richard Carrington’s observations of this event have marked one of the first recorded instances of a white-light flare (Carrington 1859; Hodgson 1859) and have remained vital data for quantifying this extreme solar and geomagnetic storm (Cliver & Dietrich 2013; Cliver et al. 2022; Hayakawa et al. 2022, 2023).
Carrington’s sunspot drawings around the Carrington event have been an essential source for discussions in solar physics. This event has been treated as a benchmark for such extreme solar and geomagnetic storms (Cliver et al. 2022; Usoskin et al. 2023). It is important to develop studies on such extreme solar and geomagnetic storms, as these historical records provide crucial insights into extreme solar storms that can cause enormous economic loss (Oughton et al. 2017; Cliver et al. 2022; Hudson et al. 2024).
We have multiple magnitude estimates for the Carrington flare. Some studies used the sunspot group area to estimate the upper limit of the bolometric energy that the source active region could accommodate. Hayakawa et al. (2016) and Watari (2022) used equation (1) of Shibata et al. (2013) for the relationship between the area of sunspot groups and the upper limit of the expected flare energy to estimate the Carrington flare to be about 4 × 1033 erg and X36, respectively. We have to be slightly cautious about their estimates, as they are an order of magnitude different.
Carrington’s records provide even more direct details for the flare magnitude estimate. Hayakawa et al. (2023) estimated the area of the white-light flaring region of the Carrington event and its blackbody brightness temperature. Then they estimated the Carrington flare magnitude of ∼X80 (X46–X126) from the combination of their reconstructions for the area, duration, and temperature of the Carrington flare based on the original records.
Several authors used geomagnetic records for indirect magnitude estimates. These authors estimated the flare intensity of the Carrington event to be about X45 (±5) from the relationship between the amplitude of the perturbation change in the Earth’s magnetic field caused by the solar flare effect (Cliver & Svalgaard 2004; Boteler 2006; Cliver & Dietrich 2013; Curto et al. 2016). This estimation has been revised to ∼X105 (X81–X146) in Hudson et al. (2025) on the basis of the GOES rescaling (Cliver et al. 2022) and the revised geomagnetic data (Beggan et al. 2024). This result is broadly consistent with the direct estimate from Hayakawa et al. (2023).
Thus, these different methods suggest that the magnitude of the Carrington flare was between X46–X126 and X81–X146. We conservatively take the overlap between these two estimates, to narrow the range to X81–X126. These values are much larger than any solar flare ever recorded during modern times, even after accounting for the GOES-satellite recalibration (Hudson et al. 2024).
In addition, several studies have quantified the resultant geomagnetic storm in terms of the Disturbance Storm Time (Dst) index and H-component values of the Carrington event from Colaba Observatory in India. Tsurutani et al. (2003) estimated the Dst of approximately −1760 nT on the basis of the Colaba storm decay timescale, the CME transit time, and auroral visibility sites, and compared their results with the local geomagnetic disturbance in Colaba, while Love & Mursula (2024) found this estimate not reproducible from their equations, assumptions, and input parameters. Li et al. (2006), using solar wind reconstructions, estimated the H-component depression of −1600 nT using the same data. Siscoe et al. (2006) provided a more conservative estimate of −850 nT, based on a visual hourly average of the Colaba data in the figure shown by Tsurutani et al. (2003), following the definition of the Dst index. Gonzalez et al. (2011) also used hourly averages and estimated the peak Dst at −1150 nT. Cliver & Dietrich (2013) estimated the Dst value between −850 and −1150 nT, using visual hourly averages of the Colaba data. Hayakawa et al. (2022) located the Colaba yearbook to revise the local H component, derive the local Y and Z components, reconstruct the Sq variations, and estimated the local Dst as −918 nT to −979 nT.
In contrast, the spatial evolution of the Carrington active region has attracted less attention. The snapshot drawing of Carrington (1859) has been contextualised to the whole-disk sunspot drawings from multiple observers and the sequential temporal evolutions only quite recently (Hayakawa et al. 2019). This difficulty might be overcome with the recent development of artificial intelligence (AI) tools. The advancements in AI and deep learning technologies have opened new avenues for analyzing such historical solar sunspot drawings and reconstructing the solar magnetic activity at that time. Zheng et al. (2016) employed a convolutional neural network to recognize handwritten characters in scanned sunspot drawings. These drawings, provided by the Yunnan Observatory of the Chinese Academy of Sciences, were used to determine full-disk sunspot numbers and areas. Xu et al. (2021) introduced a deep-learning method for segmenting sunspot components from Purple Mountain Astronomical Observatory sunspot drawings. This technique separately extracts the numbers and areas of pores, spots, umbras, and penumbras. Lee et al. (2021) applied deep learning techniques to generate modern satellite-like solar data from Galileo Galilei’s sunspot drawings and then estimated the related physical parameters.
In this paper, we propose to infer solar and geomagnetic parameters of the Carrington event by applying a deep learning model to its sunspot drawing. We generate AI-based magnetograms from Carrington sunspot drawings using deep learning and calculate their unsigned magnetic flux. Based on the inferred unsigned magnetic flux, we estimate the associated flare class and CME speed. Subsequently, these values allow us to infer the interplanetary CME (ICME) speed and the Dst value from the statistical relationships between them for extreme events. This approach provides new insights into the Carrington event and highlights the potential of using historical sunspot observations to study the solar-terrestrial interactions of extreme events.
This study is organized as follows: Section 2 describes the data used in this analysis, and Section 3 outlines the methodology. Section 4 presents the results and discussion, while Section 5 gives a summary and conclusions.
2 Data
We use the Debrecen Photoheliographic Data (DPD) sunspot catalog (Baranyi et al. 2016; Győri et al. 2017) for input data. We make DPD-based sunspot drawings using only the sunspot’s position and area information to generate an AI-based magnetogram. This approach allows us to infer the magnetic field strength with minimal information when reconstructing historical sunspot drawings. Sunspots are represented by ellipses, approximating their appearance as projections of circles on a sphere onto a plane. The center of the resulting ellipse corresponds to the visible center of the sunspot, and its area represents the total projected area of the sunspot. For a detailed process, see the left panel of Figure 1 in Baranyi et al. (2016). Then, we convert the catalog information into a single-channel grayscale input image with three levels (Figs. 1a and 1d). In this representation, pixels inside the DPD sunspot area are set to 255, pixels on the solar disk outside the sunspot area are set to 127, and pixels outside the solar disk are set to 0. In other words, we use a simple three-level discrete encoding in which 127 represents a mid-gray background level for the quiet solar disk. The reason why sunspots are expressed in a circular shape is to use the uniform sunspot information provided by DPD from 1874 to 2018 in the deep learning model.
	[image: Thumbnail: Figure 1. Refer to the following caption and surrounding text.]	Figure 1. Comparison between MDI/HMI magnetograms and AI-based ones on 2003 October 29 (top), and 2017 September 6 (bottom). Panels (a) and (d) show schematic sunspot drawings constructed from the DPD catalog (DPD-based sunspot drawings), which are used as input to the model. Panels (b) and (e) show the corresponding observed MDI/HMI magnetograms as targets, and panels (c) and (f) show the AI-based magnetograms from our model. The magnetograms in (b), (c), (e), and (f) are byte-scaled to | ± 1000| G for display only.



We use the Solar and Heliospheric Observatory (Domingo et al. 1995, SOHO)/Michelson Doppler Imager (Scherrer et al. 1995, MDI) and Solar Dynamics Observatory (Pesnell et al. 2012, SDO)/Helioseismic and Magnetic Imager (Schou et al. 2012, HMI) for target data. We make level 1.5 images by calibrating, rotating, and centering from the line-of-sight magnetogram FITS files. In order to use the MDI (1996–2010) and HMI (2011–2018) data together, the MDI magnetic field values are corrected using the equation MDI = −0.18 + 1.40 × HMI of Liu et al. (2012). We consider the magnetic flux density to be within ±3000 Gauss, a typical valid range for the line-of-sight (LoS) magnetic field measurements in SDO/HMI magnetograms (Hoeksema et al. 2014). We calculate the flux only within 0.95 solar radii. As sunspot drawings represent only strong magnetic fields, we calculate the total unsigned magnetic fluxes for areas with absolute field strengths exceeding 30 Gauss-approximately three times the noise levels (Liu et al. 2012).
We use only the magnetogram data observed within ±48 min (0.44° in heliospheric longitude) of each DPD sunspot drawing’s observation time to minimize the effect of solar rotation. Additionally, we standardize the solar disk size to align the DPD sunspot drawing with the magnetogram and downsample the image to 512 × 512 pixels. The total dataset comprises 6965 pairs of DPD-based sunspot drawings and magnetograms, covering May 1996 to June 2018. For training, we use 4733 pairs from January to July and December of each year. For validation, we use 1151 pairs from August and November. The test set consists of 1081 pairs from 1996 to 2017, only data from September and October. This month-wise split introduces about a one-month gap between the training and test periods and helps reduce data leakage from long-lived active regions. This period was chosen because the publicly available DPD dataset currently provides sunspot data up to mid-2018. Thus, our dataset range spans the MDI and HMI eras, ensuring consistent pairing with high-quality magnetogram observations.
For the application of our model, we use the full-disk sunspot drawing for 1859 September 1, based on Carrington’s original manuscript (RAS MS Carrington 3.2, f. 313a; Image courtesy of the Royal Astronomical Society) and reproduced as Figure 2 in Hayakawa et al. (2019), after removing the background (Fig. 2a). We used Carrington’s original manuscript, as Carrington (1859) only published a snapshot of the specific active region and missed the whole-disk presentation. Carrington’s sunspot drawing is a hand-made sketch on a projected solar disk, whereas the DPD-based input is generated from the DPD sunspot catalog. As a result, the spot shapes, intensity patterns, and disk geometry are not identical between the two data sets. To apply our model, we convert Carrington’s drawing into a DPD-style image: we align the solar disk, map the spot outlines to heliographic coordinates, and resample them onto the same 512 × 512 grid as the DPD images while preserving the spot positions and areas (Fig. 2b). This procedure reduces the domain gap between the historical and modern data, although some residual systematic differences may remain. The original sunspot area ranges from 2970 (Hayakawa et al. 2023), to 3000 (Hayakawa et al. 2016; Watari 2022), and 3100 (Meadows 2024) millionths of the Sun’s visible hemisphere (MSH) in previous studies. The stylised sunspot area in the DPD sunspot drawing format is almost at the upper edge of this range, at 3103 MSH (Fig. 2c), probably due to the transformation and stylisation to the DPD format. Then, we generate the input image in the three-level format following the process used for the training and test data (Fig. 3a).
	[image: Thumbnail: Figure 2. Refer to the following caption and surrounding text.]	Figure 2. Pre-processing to transform the original Carrington sunspot drawing into a DPD-style sunspot drawing. (a) Full-disk Carrington sunspot drawing (from Hayakawa et al. 2019) after the removal of the background. (b) DPD-style Carrington sunspot drawing. (c) Area measurement of the Carrington sunspot drawing, marked with a green box in the Helio Viewer software (https://www.petermeadows.com/html/software.html).



	[image: Thumbnail: Figure 3. Refer to the following caption and surrounding text.]	Figure 3. DPD-style Carrington sunspot drawing (a) and the corresponding AI-based magnetogram (b) on 1 September 1859.



We also use additional solar and geomagnetic data sets to derive the empirical relationships used later in this study. For the relation between the magnetic fluxes and flare peak fluxes, the magnetic fluxes are calculated daily at 00:00 UT from ARs located within ±60° of the central meridian of the Sun. This calculation employs the MTOT keyword, which represents the total line-of-sight magnetic flux density, a standard parameter provided in both the MDI Tracked Active Region Patches and the Spaceweather HMI Active Region Patch data sets. For MDI data, MTOT values are calibrated by applying the correction factor derived by Liu et al. (2012) and adjusting for the resolution differences between MDI and HMI to ensure consistency in flux measurements. The flare peak fluxes correspond to the strongest Geostationary Operational Environmental Satellite (GOES) X-ray flare that occurred within 24 h in the corresponding Active Regions (ARs). The pre-2016 GOES flare peak fluxes are rescaled based on the intercalibration proposed by Hudson et al. (2024). For the relation between the magnetic fluxes and CME speeds, the CME speeds are taken from the Coordinated Data Analysis Workshop (CDAW) SOHO/Large Angle and Spectrometric Coronagraph (LASCO; Brueckner et al. 1995) Halo CME (HCME) catalog1. We only consider front-side halo CMEs heading toward the Earth, which are known to produce strong geomagnetic storms (Gosling et al. 1990; Srivastava & Venkatakrishnan 2004). The corresponding ICME speeds and minimum Dst values are obtained from the ICME lists by Cane & Richardson (2003) and Richardson & Cane (2010).
3 Method
We use the pix2pixHD model introduced by Wang et al. (2017), which enables high-resolution image-to-image translation and is an extension of the original pix2pix model (Isola et al. 2016). This model uses a conditional Generative Adversarial Network (Mirza & Osindero 2014) to learn mappings between paired image domains, producing highly realistic images. We consider pix2pixHD more suitable for our research than pix2pix, as we work with data such as magnetograms where structural detail is needed.
The model consists of a global generator and a multi-scale discriminator. The generator takes a single-channel 512 × 512 DPD image as input and produces a magnetogram of the same dimensions. It follows an encoder–bottleneck–decoder structure: the encoder progressively downsamples the input while extracting features, a series of residual blocks refines the representation at the bottleneck, and the decoder upsamples back to the original resolution to produce the output magnetogram.
The multi-scale discriminator evaluates the realism of the generated magnetograms at different spatial scales. Three discriminators independently assess the concatenated input–output pair at the original resolution and at two progressively downsampled resolutions. This multi-scale design encourages the generator to produce outputs that are consistent in both local fine-scale details and global large-scale structure.
The generator is trained with a combination of an adversarial loss and a feature-matching loss. The adversarial loss follows the least-squares GAN (LSGAN; Mao et al. 2016) formulation:

[image: Mathematical equation: $$ \begin{aligned}&L_D = \frac{1}{2} \, \mathbb{E} \left[||D(x, y) - 1 ||_2^2\right] + \frac{1}{2} \, \mathbb{E} \left[||D(x, G(x)) ||_2^2\right], \end{aligned} $$](1)


[image: Mathematical equation: $$ \begin{aligned}&L_{\mathrm{GAN} } = \mathbb{E} \left[||D(x, G(x)) - 1 ||_2^2\right], \end{aligned} $$](2)

where x denotes the input DPD image, y the real magnetogram, G(x) the generated magnetogram, and D the discriminator. The feature-matching loss stabilizes training by minimizing the L
1 distance between intermediate feature representations of real and generated images extracted from each discriminator layer and scale:

[image: Mathematical equation: $$ \begin{aligned} L_{\mathrm{FM} } = \sum _k \sum _i \left||D_k^{(i)}(x, G(x)) - D_k^{(i)}(x, y) \right||_1, \end{aligned} $$](3)

where k indexes the discriminator scale and i the layer. The total generator loss is

[image: Mathematical equation: $$ \begin{aligned} L_G = L_{\mathrm{GAN} } + \lambda L_{\mathrm{FM} }, \end{aligned} $$](4)

with λ = 10. Both the generator and discriminator are optimized using the Adam optimizer (Kingma & Ba 2014) with a learning rate of 2 × 10−4, β
1 = 0.5, and β
2 = 0.999. Following the pix2pixHD training protocol of Wang et al. (2017), the learning rate is held constant for the first 100 epochs and then linearly decayed to zero over the remaining 100 epochs, for a total of 200 training epochs.
We first train a model to generate solar magnetograms like MDI/HMI from DPD-based sunspot drawings, using the DPD-magnetogram pairs and the train/validation/test split described in Section 2. The model is trained for 200 epochs following the pix2pixHD training protocol, using the validation set to monitor performance and select the final checkpoint, while the test set is kept unseen during training and used only for the final evaluation. Then, we apply this trained model to Carrington’s sunspot drawing, generating an AI-based magnetogram of the Carrington event. From this magnetogram, we infer the solar and geomagnetic parameters of the 1859 Carrington event.
4 Results and discussion
We generate AI-based magnetograms from DPD-based sunspot drawings. Figure 1 shows a comparison between MDI/HMI magnetograms and AI-based ones for the two strongest events from the past solar cycles: (1) National Oceanic and Atmospheric Administration (NOAA) AR 10486 that produced one of the strongest flares of Solar Cycle 23 on October 29, 2003, (2) NOAA AR 12673 that produced the strongest flare of Solar Cycle 24 on September 6, 2017. The comparisons between the target and the AI-based magnetograms indicate that the structural characteristics of the AI-based ones are quite similar to those of the original ones. Additionally, the unsigned magnetic fluxes of the AI-based ones are consistent with those of the original ones. This demonstrates that our deep learning model effectively estimates unsigned flux. The results indicate that the model captures key information on AR size and location from the DPD-based sunspot drawings, which is sufficient for estimating the total unsigned magnetic flux. At the same time, the AI-based magnetograms are not free from artifacts. Visual inspection shows that the model sometimes smooths sharp sunspot boundaries and occasionally produces faint spurious features in the quiet Sun. Minor shape distortions can also appear near the solar limb, where projection and foreshortening effects are strongest.
We estimate the total unsigned magnetic flux of both AI-based and original ones for the test data, with their temporal variations shown in Figure 4a. To avoid uncertainties near the limb, we only consider pixels within 0.95 solar radii for all images. The average correlation coefficient (CC) of the total unsigned magnetic flux between the generated and original ones is 0.95 (Fig. 4b), indicating that the model accurately reproduces the unsigned magnetic fluxes of ARs, regardless of solar activity. The percentage error of the total unsigned magnetic flux is 17%. As an example from the test period, the prominent peak in late October 2014 occurs during the passage of a very large sunspot group associated with NOAA AR 12192. At this time, the AI-based magnetogram reproduces the overall extent of the main group and gives a total unsigned flux similar to that derived from the corresponding SDO/HMI magnetogram. This shows that the model also works for test cases with sunspot groups comparable in size to our estimate for the Carrington sunspot region.
	[image: Thumbnail: Figure 4. Refer to the following caption and surrounding text.]	Figure 4. Total unsigned magnetic flux of both original and AI-based ones for the test set. (a) Temporal variations of the total unsigned magnetic flux. The bottom x-axis shows the observation date (year-month) for each DPD test image, while the top x-axis indicates the corresponding image index in the test set (from 1 to N), sorted in time. The black solid line shows variations from the original magnetograms and the blue solid line corresponds to those from the AI-based ones. (b) Scatter plot between the total unsigned magnetic fluxes of the original and AI-based magnetograms.



	[image: Thumbnail: Figure 5. Refer to the following caption and surrounding text.]	Figure 5. Solar and geomagnetic activities from empirical relationships: (a) flare peak flux vs. magnetic flux, (b) CME speed vs. magnetic flux, (c) ICME speed vs. CME speed, (d) Dst value vs. ICME speed. Red dotted lines show the linear fittings from the red diamonds corresponding to each group’s most extreme value. The estimates of the Carrington event are shown in blue triangles.



We apply our model to Carrington’s sunspot drawing and generate the corresponding HMI-like magnetogram, shown in Figure 3b for 1 September 1859. We calculate the unsigned magnetic flux (7.5 × 1022 Mx) in the Carrington sunspot group from the generated magnetogram. Then we estimate the solar and geomagnetic parameters from several empirical relationships (Fig. 5). We consider total magnetic flux, flare peak flux, CME speed, ICME speed, and Dst value for each AR from April 1996 to May 2021. The upper panels of Figure 5 reflect empirical relationships for the sunspot magnetic flux with the upper limits of the expected flare peak X-ray flux (a) and the expected CME velocity (b). The lower panels of Figure 5 reflect empirical relationships for the CME speed with the upper limits of the expected ICME speed (c) and the expected negative Dst excursion (d).
Figure 5a shows the relationship between magnetic fluxes and flare peak fluxes. The X-axis data are divided into ten groups with the same data numbers, and only the data with the strongest flare flux value in each group (red diamond in Fig. 5a) is used for linear fitting (red dashed line in Fig. 5a). We consider only these maximum values because the Carrington event is known to be an extreme case, and our goal is to estimate an upper limit for its flare peak flux. The GOES flare catalog is incomplete for weaker events, which contributes to the under-populated lower-right part of the point distribution (Wheatland 2000). However, when we repeat the fit using only M- and X-class flares, the resulting slope and intercept are very similar to those obtained from our original maximum-value fit, and the extrapolated flare peak flux for the Carrington event changes only marginally, well within our overall uncertainties. This suggests that the upper envelope we use for the Carrington estimate, is not strongly affected by the incompleteness of weak GOES events. From this relationship, the GOES X-ray flare class of the Carrington event can be estimated to be X25 in terms of the upper limit. Our upper-envelope estimate (X25) is smaller than some previous reconstructions (X46–X146; Cliver & Svalgaard 2004; Boteler 2006; Cliver & Dietrich 2013; Curto et al. 2016; Cliver et al. 2022; Hayakawa et al. 2023; Hudson et al. 2025), although it overlaps with the reported range when uncertainties are considered. To estimate the uncertainty associated with the predicted flare class obtained from the linear regression model, we utilized the covariance matrix returned by the LINFIT procedure in the Interactive Data Language (IDL). This matrix provides the standard errors of the fitted regression coefficients. The 1-σ uncertainty interval for the prediction spans from approximately X3 to X240.
Our estimation of the Carrington flare class has limitations in predicting extreme events, as it relies solely on the peak flux of the strongest flares observed in the last two solar cycles. The strongest flare in the last two solar cycles was on 4 November 2003, with a flare class of X43.2, according to the recent intercalibrations of Hudson et al. (2024), although this event occurred outside the ±60° range from the central meridian of the Sun. Within ±60°, the strongest flare was X24 on 28 October 2003.
Figure 5b shows the relationship between the total unsigned magnetic fluxes and the CME speeds. Because the number of events is relatively small, we divide the X-axis data into five groups with equal number of events and, in each group, select the event with the fastest CME speed (red diamonds in Fig. 5b). We then perform a linear fit using only these upper-envelope points (red dashed line in Fig. 5b). From this relationship, the upper-limit CME speed of the Carrington event is estimated to be 3007 ± 52 km s−1, with the uncertainty estimated using the same approach as for the flare class. This CME speed corresponds to an estimated Sun-Earth transit time of about 16.7 h according to the empirical formula (T = 76.86 − 0.02 × V
CME) given by Kim et al. (2007). Interestingly, this estimate is close to the reported intervals of ∼17.6 h and ≤17.1 h between the flare and the storm onset (Cliver & Dietrich 2013; Hayakawa et al. 2022). Independently of this empirical framework, we note that the CME speed of the Carrington event can also be estimated directly from the observed Sun-Earth transit time. If one adopts a delay of about 17−18 h between the flare and the onset of the geomagnetic storm (Cliver & Dietrich 2013; Hayakawa et al. 2022) and a nominal Sun-Earth distance of 1 AU, a simple kinematic estimate yields a CME speed of about 2400 km s−1.
Figures 5c and 5d show two relationships of CME speed with the upper limits of the expected ICME speed and the most negative Dst excursions. The X-axis data are divided into five groups with the same data numbers, and only the data with the fastest ICME speed in each group (red diamond in Fig. 5c) are used for linear fitting (red dashed line in Fig. 5c). In the same way, only the data with the lowest Dst values in each group (red diamond in Fig. 5d) are used for linear fitting (red dashed line in Fig. 5d). From these relationships, the ICME speed and Dst value of the Carrington event can be estimated to be 1476 ± 45 km s−1 and −1313 ± 102 nT, with the uncertainty estimated using the same approach as for the flare class. Our approximation of the Dst value is broadly consistent with the existing estimates (Cliver & Dietrich 2013; Hayakawa et al. 2022). Our method is a new approach to infer the Dst value of the most powerful geomagnetic storms in history.
Magnetic flux is an important factor for producing energetic flares and CMEs, but it does not uniquely determine their peak emission or dynamical properties. Other properties of the active region, such as magnetic shear, topology, helicity, and the pre-eruptive configuration, also play important roles. As a result, the empirical relationships that we derive between total unsigned flux and flare peak flux, CME speed, ICME speed, and Dst exhibit substantial scatter and are best interpreted as upper-envelope trends rather than deterministic laws. In applying these relations to the 1859 Carrington event, we assume that the event was extremely strong, as indicated by independent evidence such as reports of low-latitude aurora and large magnetometer deflections. Under this assumption, our estimates provide plausible upper bounds on the associated solar and geomagnetic parameters. For other historical events where the level of extremity is not well constrained by independent observations, our flux-based empirical relations alone cannot uniquely determine the true flare, CME, or geomagnetic intensity and should be used together with additional observational or proxy information.
In addition to these conceptual limitations, our estimates also inherit uncertainties from the multi-step inference chain used to obtain the parameters of the Carrington event. First, the unsigned magnetic flux is reconstructed from the historical drawing by the deep-learning model, which introduces a finite error compared with modern test magnetograms. Second, this reconstructed flux is then propagated through successive empirical relationships linking flux to CME speed, CME speed to ICME speed, and ICME speed to Dst value, each step adding statistical and modeling uncertainty. In practice, the CME speed, ICME speed, and Dst value that we infer for the Carrington event should therefore not be regarded as precise point values, but as approximate estimates that reflect the combined uncertainties from both the reconstruction and the subsequent scaling relations.
5 Summary and conclusion
In this study, we propose a new approach to investigate the solar and geomagnetic parameters of the 1859 Carrington event using deep learning. This framework is intended to provide an empirical upper bound for exceptionally extreme events rather than a best estimate for typical conditions. For this, we trained a deep learning model to generate HMI-like magnetograms from DPD-based emulated drawings. Our model demonstrates the consistency of the unsigned magnetic fluxes between target and AI-based magnetograms for the test data set, with a mean CC of 0.95 and a percentage error of 17%. Applying our model to Carrington’s 1859 sunspot drawing, we generate an AI-based magnetogram of the Carrington event, which enables us to estimate key solar and geomagnetic parameters. By examining the relationship between magnetic flux and flare peak flux, we estimate the Carrington flare class to be approximately X25 (X3–X240) in the upper limit. Similarly, we estimate the Carrington CME speed at 3007 ± 52 km s−1, which gives the Sun-Earth transit time (about 16.7 h) according to the empirical formula of Kim et al. (2007). It is interesting to note that this value is consistent with the real observation time (about 17.6 or ≤17.1 h). Our analysis is extended to derive its ICME speed and Dst value, yielding our upper-limit estimates of 1476 ± 45 km s−1 and −1313 ± 102 nT, respectively. Both the CME transit time and the inferred storm magnitude are broadly consistent with ranges reported in previous studies, and should be interpreted as approximate upper-bound estimates given the scatter of the empirical relations. These results suggest that our approach provides a novel method to reconstruct solar and geomagnetic parameters and shows that physical estimates based on sunspot data are physically consistent with historical geomagnetic reports. This study may help improve our understanding of extreme solar and geomagnetic events, contributing to better preparedness for future space weather events.
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        Pre-processing to transform the original Carrington sunspot drawing into a DPD-style sunspot drawing. (a) Full-disk Carrington sunspot drawing (from Hayakawa et al. 2019) after the removal of the background. (b) DPD-style Carrington sunspot drawing. (c) Area measurement of the Carrington sunspot drawing, marked with a green box in the Helio Viewer software (https://www.petermeadows.com/html/software.html).
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        DPD-style Carrington sunspot drawing (a) and the corresponding AI-based magnetogram (b) on 1 September 1859.
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        Total unsigned magnetic flux of both original and AI-based ones for the test set. (a) Temporal variations of the total unsigned magnetic flux. The bottom x-axis shows the observation date (year-month) for each DPD test image, while the top x-axis indicates the corresponding image index in the test set (from 1 to N), sorted in time. The black solid line shows variations from the original magnetograms and the blue solid line corresponds to those from the AI-based ones. (b) Scatter plot between the total unsigned magnetic fluxes of the original and AI-based magnetograms.
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        Solar and geomagnetic activities from empirical relationships: (a) flare peak flux vs. magnetic flux, (b) CME speed vs. magnetic flux, (c) ICME speed vs. CME speed, (d) Dst value vs. ICME speed. Red dotted lines show the linear fittings from the red diamonds corresponding to each group’s most extreme value. The estimates of the Carrington event are shown in blue triangles.
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