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Space weather prediction is a central focus of solar-terrestrial studies, with forecasts of geomagnetic storms deemed critical due to their significant practical implications. We have gathered facts that highlight the effects of geomagnetic storms on electric power systems and satellites. Recent studies indicate that geomagnetic storms of moderate intensity are statistically associated with larger spike amplitudes of telluric currents potentially leading to power outages compared to those caused by major storms. This underscores the importance of building reliable forecasts for all geomagnetic storms, especially given that solar cycles 20–24 saw less than 1% of storms classified as severe or extreme. A major challenge in current prediction models, even those utilizing advanced machine learning techniques, is the decline in accuracy for forecast lead times beyond 3 h, limiting the ability to mitigate infrastructure damage effectively. In this work, we provide a concise overview of geomagnetic storm statistics, describe key forecasting methods, recent advancements, and discuss the challenges in achieving accurate and timely storm predictions.
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1 INTRODUCTION
A prediction of geomagnetic storms has significant implications for modern society, especially as our reliance on space and terrestrial technology grows. These intense geomagnetic field disturbances are associated with severe space weather events, solar cosmic rays and energetic particles damaging sensitive satellite equipment, creating disruptions of radiowave propagation and connection to satellites, inducing telluric currents that lead to power system transformer saturation and excessive heating in all elongated wired systems, and causing negative biological effects (e.g., Pulkkinen et al., 2005; Khabarova and Dimitrova, 2009; Lakhina and Tsurutani, 2016; Malandraki and Crosby, 2018; Daglis et al., 2021; Buzulukova and Tsurutani, 2022; Khabarova et al., 2024).
Prediction of geomagnetic storms involves understanding a complex interplay of solar phenomena and their interaction with the Earth’s magnetosphere. The challenge lies in estimating initial properties of potentially geoeffective streams, such as fast Interplanetary Coronal Mass Ejections (ICMEs) and Stream Interaction Regions (SIRs) or longer-lived Corotating Interaction regions (CIRs) surrounding high-speed flows from coronal holes, tracing their evolution during propagation, and finding dependencies that allow giving an alert in a reasonable time (Joselyn, 1995; Vennerstroem, 2001; Siscoe and Schwenn, 2006; Tsurutani et al., 2006; Zhang et al., 2007; Kay et al., 2017; Luhmann et al., 2022; Mursula et al., 2022). A scheme of the key solar-terrestrial couplings linking the solar activity, flows and streams in the heliosphere and their effects on the Earth is given by Daglis et al. (2021).
Besides the purely academic significance of understanding solar-terrestrial couplings, it is crucial to comprehend the mechanisms of how the solar wind impacts Earth’s magnetosphere to predict the risks geomagnetic storms pose to power grid systems and space technology. This understanding aims to forecast all geomagnetic storms, not just the severe ones, with lead times ranging from hours to days, allowing society to prepare and mitigate potential damage, which is a complex challenge that remains unresolved (see Srivastava et al., 2021 and references therein). This mini-review highlights the practical importance of geomagnetic storm forecasting, consolidates findings from various studies to identify current challenges in improving predictions, and proposes potential solutions to advance the field.
2 PRACTICAL IMPORTANCE OF PREDICTING GEOMAGNETIC STORMS
The potential harms of geomagnetic storms are frequently highlighted in space physics literature as a justification for in-depth research on solar and space plasma processes. However, there are relatively few practical studies addressing the direct consequences of space weather impacts on terrestrial infrastructure or proposing mitigation measures. While solar activity does not directly affect the Earth or humans, several key indirect impacts of space weather must be considered (see Lakhina and Tsurutani, 2016; Buzulukova and Tsurutani, 2022, and references therein). Solar flares emit X-rays and cosmic rays that disrupt radio waves and GPS signals, making the dayside ionosphere particularly vulnerable (e.g., Daglis et al., 2021; Buzás et al., 2023). High-speed solar wind streams with a strong southward-directed IMF trigger geomagnetic storms, inducing electric fields that disrupt power grids (Molinski, 2002; Sorokin et al., 2023). These streams also accelerate charged particles locally and re-accelerate solar energetic particles, which collectively bombard Earth’s magnetosphere, causing auroras, particle precipitation, and thermosphere heating (Zank et al., 2015; Malandraki and Crosby, 2018; Daglis et al., 2019; Daglis et al., 2021; Reames, 2021; Khabarova et al., 2021). Particle enhancements can occur even without geomagnetic storms. Additionally, varying geomagnetic fields and cosmic rays affect biological systems, especially in high-latitude regions and the South Atlantic Anomaly area, though the exact mechanisms remain unclear (Tchijevsky, 1938; Khabarova and Dimitrova, 2009; Dimitrova and Babayev, 2018; Khabarova et al., 2024). See details in Supplementary Material S1.
Among risks listed above, Geomagnetically Induced Currents (GICs) represent the biggest space-weather relater problem pushing the governments over the world seeking for the scientific community’s help since telluric GICs can severely impact power grids during geomagnetic storms (e.g., Daglis et al., 2021; Boutsi et al., 2023; Calabia et al., 2023; Evans et al., 2024; Souza et al., 2024). An analysis of related risks have been carried out in several developed countries (e.g., Hines et al., 2008; Persons and Rusco, 2018; Lucas et al., 2020; Ryu et al., 2020; Gritsutenko et al., 2023). It shows that some of measures preventing blackouts, such as a targeted disconnection of high-voltage transmission lines, can only be achieved if they are based on correct and timely predictions of geomagnetic storms. Recently, (Mac Manus et al., 2022; Mac Manus et al., 2023) simulated GIC levels across New Zealand’s network transformers under various extreme storm scenarios, finding up to 35% of transformers at risk. More details can be found in the Supplementary Material S1.
Figure 1 illustrates potential connections between power outages and space weather by comparing the annual number of major blackouts in the United States with sunspot numbers and the Kp index over two solar cycles. Hines et al., 2008 suggest that smaller-scale events, under 400 MW, occur irregularly but increase in frequency over time. In contrast, the most common larger events, in the 400–999 MW range (derived from Figure 3 of Hines et al., 2008), smoothly wave, showing two peaks between 1984 and 2006, as depicted in Figure 1A.
[image: Figure 1]FIGURE 1 | Electric power system failures modulated by solar activity and statistical properties of geomagnetic storms. (A) Number of large blackouts per year in the United States with the event size (amount of electricity taken off) of 400–999 MW. Data are provided by Hines et al. (2008). (B) Sunspot number per year (white) and Kp⋅10 (black), OMNI2 database data. (C) Dst index vs. Kp⋅10. OMNI2 hourly data for 1964–2023. (D) Percentage of storms of the certain intensity for cycles 20–24 and for all cycles in total (ALL). Data are taken from Abe et al. (2023). The Kp and Dst datasets can be found in the NASA’s Space Physics Data Facility – OMNI web data repository: https://omniweb.gsfc.nasa.gov/ow.html, and WDC Kyoto: https://wdc.kugi.kyoto-u.ac.jp/dst_provisional/. Storm intensity categories are based on Dst values and indicated by colors in (C, D). Weak intensity is marked by green, moderate—by blue, strong is yellow, severe is red, and extreme is black. Although there is significant variation in Dst values relative to Kp, an approximate correspondence between the level of geomagnetic field disturbances characterized by Dst can be found for Kp values greater than 4 (see https://www.swpc.noaa.gov/noaa-scales-explanation). Kp = 4 is typically considered to indicate a disturbed geomagnetic field or a weak geomagnetic storm. Kp = 5 corresponds to a weak or minor storm, Kp = 6 indicates a moderate storm, Kp = 7 signifies a strong storm, Kp = 8 represents a severe storm, and Kp = 9 denotes an extreme storm.
The fluctuation in large blackout numbers follows variations of the sunspot numbers and the Kp index recorded in the OMNI2 database for the same period. Geomagnetic activity, indicated by the Kp index in Figure 1B, does not perfectly align with the solar cycle reflected in the sunspot number because it is influenced by both geoeffective ICMEs and SIRs/CIRs (e.g., Boroyev et al., 2020). The latter peak from the declining phase of solar activity through the solar minimum, as shown by Mursula et al. (2022). Consequently, the Kp profile is smoother and slightly shifted to the right compared to the solar cycle peak marked by sunspot numbers. Blackouts may be linked to the solar cycle both directly, via the damaging effects of GICs, and indirectly, through changes in the atmosphere and weather events or even human factors.
It is important to note that the highest GIC amplitudes do not always match the strongest geomagnetic activity (Ngwira et al., 2015; Dimmock et al., 2020; Gritsutenko et al., 2023). The sudden GIC spikes resulting in dramatic changes in the power grid are related to the time derivative of the ground horizontal magnetic field. Significant GIC jump excitations, potentially leading to power system failures, occur not only during the main storm phase but are also related to magnetospheric-ionospheric sudden impulses or sudden storm commencements prior geomagnetic storms caused by sharp changes in the solar wind dynamic pressure, VLF-ULF pulsations in the geomagnetic field, and even intensification of substorms. Gritsutenko et al. (2023) show that the peak of the excitement of GIC spikes is statistically associated with Kp ranging from 4 to 6, not with the maximal Kp values. This finding aligns with the results of the recent analysis of the most intense storms with Dst < −150 nT observed during solar cycle 24 in the Mediterranean region (Boutsi et al., 2023).
A similar effect can be observed in the analysis of satellite losses and malfunctions (Baker, 2001; Cilden-Guler et al., 2021). While severe geomagnetic storms are known to damage satellites, such as disrupting their trajectories, as recently noted during the extreme Gannon geomagnetic storm in May 2024 (Parker and Linares, 2024) — moderate storms also pose significant risks. The primary threat comes from energetic “killer” electrons with energies ranging from 0.5 to 5 MeV at geostationary orbit. These electrons are linked to the arrival of geoeffective ICMEs and SIRs, which are nonlinearly associated with the geomagnetic activity level and may peak before or after the geomagnetic storm maximum (see Baker, 2001; Wrenn, 2009; Daglis et al., 2019; Miteva et al., 2023, and references therein).
Information about satellite malfunctions or losses is often proprietary and not publicly available, complicating research into the physical factors affecting sensitive satellite equipment. However, some general data is accessible in the literature. For instance, NASA reported that an ICME caused the loss of 38 commercial satellites in February 2022 (https://svs.gsfc.nasa.gov/5193/). A moderate geomagnetic storm with a Dst minimum of −66 nT on 3 February 2022 coincided with the launch of Starlink satellites, leading to such significant losses (Miteva et al., 2023; Baruah et al., 2024).
As Solar Cycle 25 peaks, the risk to Earth-orbiting satellites and spacecraft operating in the solar wind increases. For instance, the ACE and DSCOVR L1 spacecraft malfunctioned after the severe geomagnetic storm of 24 March 2004, failing to provide critical solar wind density data for 2 weeks, which halted related forecasts. This highlights the urgent need for the scientific community to prioritize methods for predicting all geomagnetic storms, from weak to extreme, rather than focusing only on intense events, which remains a challenge despite the growing number of prediction models.
3 GEOMAGNETIC STORM PREDICTION: GEOMAGNETIC STORM INTENSITY CLASSIFICATIONS, GENERAL APPROACHES, SOLUTIONS AND PROBLEMS
3.1 Classifications
Space weather prediction models commonly rely on two key geomagnetic activity indices: Kp and Dst (Wintoft and Wik, 2018; Chakraborty and Morley, 2020; Matzka et al., 2021; Xu et al., 2020; Park et al., 2021; Wang J. et al., 2023; Zhang et al., 2023; Sierra-Porta et al., 2024). See https://kp.gfz-potsdam.de/en/and https://wdc.kugi.kyoto-u.ac.jp/index.html and Supplementary Material S1 for details.
Kp and Dst indices, which characterize geomagnetic activity at different geomagnetic latitudes and are calculated differently, do not have a direct correspondence which complicates a comparison of the results of prognostic techniques using different indices (Borovsky and Shprits, 2017). Figure 1C displays the relationship between Dst and Kp⋅10, fitted with a cubic polynomial (with coefficient values provided above the panel). The categorization of Dst, from weak to extreme storm intensity, is represented in different colors.
Figure 1D shows that the occurrence rate of geomagnetic storms of varying intensities is inversely related to the color proportions representing storm intensity in Figure 1C. Based on statistics from Abe et al. (2023), which we used to calculate the percentage of storms by intensity, weak storms constitute 61% of all storms observed during solar cycles 20–24 (labeled as “ALL” in Figure 1D). Moderate storms account for 32%, strong storms – 6.4%, severe storms – 0.45%, and extreme storms — just 0.12%. Over these five solar cycles, the occurrence of moderate and strong storms shows an anticorrelation with the rate of weak storms, with a correlation coefficient of −0.9. Although the number of cycles is too small to draw definitive conclusions, if this trend continues in solar cycle 25, it could offer insights for predicting the probability of moderate and strong storms in future cycles. Figure 1D illustrates the importance of forecasting all geomagnetic storms because the majority of storms are weak and moderate.
3.2 General approaches
Geomagnetic storm forecasting relies on understanding solar wind-magnetosphere interactions. The Earth’s magnetosphere reacts to any solar wind variations (Borovsky, 2023), but storms occur when magnetic reconnection is triggered by specific solar wind conditions, particularly when the IMF is southward and the solar wind speed is high, known as the “VBz paradigm” (Lakhina and Tsurutani, 2016). These conditions typically arise from high-speed ICMEs or SIRs surrounding fast solar wind flows from coronal holes (Vennerstroem, 2001; Siscoe and Schwenn, 2006; Tsurutani et al., 2006; Zhang et al., 2007; Cid et al., 2014; Kim et al., 2014; Kay et al., 2017; Daglis et al., 2021; Echer and Gonzalez, 2022; Luhmann et al., 2022; Mursula et al., 2022).
The accuracy of predictions depends on the timescale considered, as well as the quality of the input data and models used. In terms of the alert time, the geomagnetic storm prognoses are divided into three categories: long-term, mid-term, and short-term. Long-term predictions from 3 days to a week based on estimations of the development of active processes and coronal hole dynamics at the Sun are rarely used since they are accurate for predicting the likelihood of a geomagnetically active period but cannot correctly forecast the exact timing or intensity of individual storms.
Mid-term forecasts aim to predict storms up to several days in advance. Some of them are based on the expert estimation of the direction of CMEs or the occurrence of low-latitude coronal holes, and some of them use modeling. They can be given in the simple verbal alert ways sometimes complemented with the Kp level forecast or in the probabilistic form, when a certain probability is given next to the certain intensity of the geomagnetic storm (e.g., https://spaceweather.com/ and https://www.swpc.noaa.gov/products/3-day-forecast).
Some empirical techniques use MHD or semi-empirical models to estimate V and Bz at the Earth’s orbit. The models rely on the solar magnetic field data and recalculate the corresponding IMF and plasma parameters from the source surface to the Earth (see Pizzo et al., 2011; Reiss et al., 2016; https://www.swpc.noaa.gov/products/wsa-enlil-solar-wind-prediction) or use interplanetary scintillation data (Jackson et al., 1998; https://ips.ucsd.edu). More details can be found in Supplementary Material S1.
There are also models employing the L1 spacecraft data. These are usually the same models as used for short-term predictions but with larger leading times. Mid-term predictions based on the empirical models aim to extend the forecasting horizon from 1 h to 3 h and beyond, yet challenges arise due to the diminishing relevance of data as the time frame increases (Shprits et al., 2019; Nair et al., 2023; Xu et al., 2023; Wang C et al., 2023). Achieving reliable forecasts beyond 3 h has proven to be complex and, as of now, is thought to reach a practical limit (Pulkkinen et al., 2022).
Short-term predictions focus on forecasting geomagnetic storms minutes or hours before they occur, primarily using data from L1 spacecraft and geomagnetic indices (see Shprits et al., 2019; Nair et al., 2023; Wang C et al., 2023; Wang J et al., 2023 and references therein). They are reliable for determining if a storm will happen within a specific timeframe based on the propagation time of the geoeffective stream or flow from L1 to the magnetosphere. Such forecasts not only provide probabilistic predictions but also compare predicted Dst and Kp indices with real-time geomagnetic activity indices (e.g., https://lasp.colorado.edu/space_weather/dsttemerin/dsttemerin.html, https://swx-trec.com/dst/, https://spaceweather.ru/content/extended-geomagnetic-storm-forecast; http://eng.sepc.ac.cn/dstModel.php).
3.3 Solutions
Methodologies of the geomagnetic storm prediction based on the knowledge of solar-terrestrial couplings have traditionally ranged from MHD-based models, like ENLIL, to empirical models, using primarily V and the IMF Bz (see Joselyn, 1995; Luo et al., 2017 and references therein). Predictions are sometimes based on other known physical principles, such as pre-storm variations in the X-ray, cosmic ray and energetic particle fluxes associated with the arrival of geoeffective streams (e.g., Chakraborty and Morley, 2020; Wang C et al., 2023; Belov et al., 2024). Another approach involves the similarity technique, where models assess the resemblance between the current situation and past geomagnetic storms (e.g., Xu et al., 2023). There are also hybrid models and models that differentiate between ICMEs and SIRs as drivers of geomagnetic storms (e.g., Kim et al., 2014; Park et al., 2021). In recent years, many models have incorporated machine learning (ML) techniques.
ML methods for predicting geomagnetic storms represent a significant shift towards data-driven approaches in geomagnetic storm prediction, which increasingly leverage advanced ML algorithms to improve forecast accuracy and adaptability (e.g., Gruet et al., 2018; Pulkkinen et al., 2022; Conde et al., 2023; Hu et al., 2023; Wang J et al., 2023; Zhang et al., 2023; Xu et al., 2023). These algorithms utilize vast datasets related to solar activity and geomagnetic indicators to anticipate storm events, adapting various techniques to enhance predictive accuracy.
A recent competition, the “MagNet: Model the Geomagnetic Field” challenge, organized by the National Oceanic and Atmospheric Administration and the University of Colorado, attracted 1,197 models competing to predict real-time Dst values using a shared dataset (Nair et al., 2023). The winning model, a bidirectional Long Short-Term Memory (LSTM)-Gated Recurrent Unit (GRU) with three Flattening Layers and three Dense Layers, utilized the parameters shown in Figure 2A. The data were grouped into 1-h intervals, with the mean and standard deviation calculated for each feature. The model used normalized data from the 128 h preceding the prediction time.
[image: Figure 2]FIGURE 2 | Examples of characteristics of machine learning models predicting geomagnetic storms. (A) Ratio of the root-mean-square for each feature (parameter) to IMF Bz, the main predictive feature. Blue curve characterizes the importance of parameters on which the model is based. Bx, By, and Bz are three IMF components (GSM). V, N, and T are the solar wind speed, density and temperature, respectively. “Std” means standard deviation. Adapted from Nair et al. (2023) under the terms of the Creative Commons CC BY license. (B) Balanced accuracy for the five most effective neural network architectures (represented by different colored lines as indicated in the legend) shown for multi-hour advance warnings of geomagnetic storms with SYM-H< −50 nT. Adapted from Telloni et al. (2023) under Copyright 2024 IOP Publishing, CC: Daniele Telloni and authors.
Figure 2A shows the permutation feature importance for the winning model, where RMSE (root-mean-square error) represents the error between observed and predicted Dst values. The x-axis lists the model’s input parameters, and the y-axis shows the ratio of the RMSE for each feature compared to the most important one (see more information in Supplementary Material S1). This technique assesses the impact of each input feature. Upon forecasting of indices such as Dst or SYM-H, the model inputs (e.g., V, Bz, and B, and other parameters) are tested for their importance. The method starts by measuring the model’s baseline performance using RMSE. At the next step, each feature is shuffled (permuted) one by one, breaking its link to the target variable, and the model’s performance is recalculated. The larger the performance drop occurs after a feature is shuffled, the more important that feature is. Balanced accuracy representing the average of recall values is another useful metric, particularly valuable when dealing with imbalanced datasets (e.g., Cristoforetti et al., 2022), which is a common issue in geomagnetic storm forecasting since severe storms are much rarer than quiet periods (see Supplementary Material S1).
As one can see in Figure 2A, the model easily finds the VBz dominance in the ability to predict Dst, to which it adds the parameters known as secondary-important features in empirical modeling, namely, total IMF (B), the smoothed sunspot numbers (SSn), and IMF By component, with the tail of less-important parameters that still improve the quality of predictions: standard deviations of the most important parameters that can characterize the level of turbulence of the solar wind as well as the solar wind density (N), the radial IMF component Bx, the temperature (T), and their standard deviations.
3.4 Problems
The main challenge in space weather forecasting is that even well-known hazards associated with geomagnetic storms are poorly predicted, with most techniques providing reliable alerts only 60 min in advance, leaving insufficient time for implementing space weather countermeasures. The five models compared in Figure 2B, adapted from Telloni et al. (2023), utilize V, Bz, B, T, N, and the SYM-H index — an analogue of hourly Dst with one-minute resolution. The correlation matrix between the parameters and SYM-H and performance metrics values are given, respectively, in Figure 1 and Tables 3, 4 of Telloni et al. (2023). As illustrated in Figure 2B, the prediction accuracy tends to decline as the forecast lead time increases. This issue is corroborated by numerous studies using various models and input parameters (e.g., Shprits et al., 2019; Xu et al., 2020; Nair et al., 2023; Wang C et al., 2023; Xu et al., 2023), which similarly find that extending the forecast lead time compromises prediction accuracy. The solar wind conditions measured at L1 have both linear and near-linear links with the state of the magnetosphere and, subsequently, with geomagnetic indices at different timescales. For lower advance warning hours, linear models outperform deep CNNs because the relationship between solar wind parameters and geomagnetic storms is near-linear in the short term. As a result, linear models capture the direct connection effectively with fewer parameters. On the other hand, the magnetospheric response to changes in solar wind conditions at longer timescales involves more complex interactions and delayed effects, which require sophisticated models capable of capturing complex patterns and temporal dependencies. As a result, deep CNNs perform better for longer advance warning periods, which is important for mid-term forecasts (e.g., see Siciliano et al., 2021 and references therein). The performance difference reflects the models’ differing abilities to handle simpler vs. more complex relationships, though data quality and training can still impact the exact magnitude of improvement.
One can also find the geomagnetic storm forecast accuracy of NOAA mid-term prognoses (24 h in advance) www.swpc.noaa.gov/sites/default/files/images/u30/SWPC%20GPRA%20Metric%20Description.pdf and https://www.swpc.noaa.gov/content/geomagnetic-activity-forecast-verification, which remains at the probabilistic ∼50% level. Note that G1 storm in the NOAA classification corresponds to Kp = 5. Alternative techniques, such as remote sensing of the solar wind or MHD large-scale modeling are useful to understand the propagation of streams in the interplanetary medium in general, but they are often wrong or give a 12-h-delay in predictions of the increase in the speed or density of the solar wind (e.g., Jian et al., 2011).
Another major issue in geomagnetic storm prediction is the lack of open-access platforms for real-time data and difficulty in comparing different models, as many do not provide historical data or rely on different indices. Additionally, significant storms are rare, making up less than 1% of the data, which creates challenges for ML models that struggle with imbalanced datasets, often overlooking rare events. Incomplete datasets, such as the OMNI dataset with 20% missing data, further complicate training, leading to variable predictions. Traditional model-based methods, often paired with ML, assume Gaussian noise, but real spacecraft data deviate from this, reducing reliability. These challenges show that we are still in the early stages of achieving reliable geomagnetic storm forecasts.
4 DISCUSSION
The ultimate goal of predicting geomagnetic storms is to provide a sufficient warning time for these events, which is critical for mitigating potential damages to satellites, power grids, and communication infrastructures. To address these challenges, various methodologies are explored, including the use of ensemble models that combine multiple predictive algorithms to enhance the accuracy of predictions. Meanwhile, the biggest problem of the current geomagnetic storm forecasts is the low accuracy of mid-term predictions with the advance time from 3 h to 3 days.
Short-term geomagnetic storm forecasts are highly accurate, primarily due to the time lag between detecting an approaching geoeffective stream by spacecraft at L1 and its actual impact on the Earth’s magnetosphere. This allows us to take advantage of the fact that solar wind conditions signaling the onset of a storm are observable about an hour in advance. There is the assumption that the magnetosphere responds almost instantly to changes in solar wind, with the influx of energy mainly depending on VBz. Consequently, most mid-term forecasts rely on the same approach as short-term ones, monitoring the solar wind speed and the IMF strength and direction measured at L1 as primary model inputs. Efforts to enhance these predictions, including models combining solar source data with L1 observations, continue to follow this paradigm, focusing on the same solar wind parameters.
The core problem with current storm prediction methods is that they are very effective for short-term forecasts but almost useless for mid-term ones. This is because predicting what is going to happen requires analyzing events leading up to the phenomenon under study, i.e., to the geomagnetic storm in our case — not just studying solar wind conditions once the storm has already started but looking for precursors. Another major flaw in the dominant approach is the assumption that all geomagnetic storms, regardless of their cause or intensity, are driven by the same key solar wind parameters.
In these terms, future studies of pre-storm conditions applied to the geomagnetic storm prognosis seem to be the way to solve the problems discussed above. The pre-storm variations in the X-ray (Chakraborty and Morley, 2020), energetic particle flux (Ameri and Valtonen, 2019; http://tromos.space.noa.gr/aspecs/#home), the cosmic ray intensity (Wang C et al., 2023), ULF variations, and enhancements in the solar wind plasma parameters (Khabarova, 2007; Khabarova and Yermolaev, 2008; Balasis et al., 2024; Santoso et al., 2024) may increase the accuracy of mid-term predictions, especially being combined with those distinguishing between different storm sources (e.g., Park et al., 2021).
Given that around 90% of storms during solar cycles 20–24 were weak to moderate, focusing on predicting all storms — not just extreme events — is critical, as these moderate storms statistically cause greater power grid disruptions. The fact that recent satellite issues occurred during a moderate storm further emphasizes the need for reliable forecasts as solar cycle 25 peaks. AI advancements, combined with real-time models like SWX-TREC (https://swx-trec.com/geoelectric/), may improve mitigating storm impacts, while creation of regional space weather centers like the recently opened Chinese Meridian Project (https://www.meridianproject.ac.cn/en/) and Tel Aviv University Space Weather Center (https://www.spaceweather.sites.tau.ac.il/) can help integrate scientific research into operational forecasting, improving preparedness for space weather. Future directions should include both studies of pre-storm conditions in the solar wind and exploring more sophisticated ML algorithms to automate feature selection processes, thereby improving prediction accuracy for geomagnetic storm events.
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