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Abstract 

Coronal Mass Ejections (CMEs) and their speed are not only important indicators of solar 

activity, but also for geomagnetic activity. In this study, we present daily and monthly 

predictions for Solar Cycle 25 using the Maximum CME Speed Index (MCMESI) and the 

Simplex Projection method. By generating both short-term (daily) and long-term (monthly) 

predictions for MCMESI, we demonstrate the predictability of this parameter. The monthly 

mean data set was derived from daily values, and predictions for the continuation of Solar Cycle 

25 produced using monthly mean MCMESI. Both datasets cover the period from May 1999 to 

January 2025. Predictions generated from the monthly mean data suggest that Solar Cycle 25 

is expected to complete in the mid-2030s. Solar Cycle 25 appears to be stronger than Solar 

Cycle 24 in terms of amplitude. For the daily predictions, we successfully postcasted (re-

predicted) the last week of December 2024 and the first week of January 2025 on a daily basis. 
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1. Introduction 

Solar activity drives space weather, which can disturb satellites, radio links, navigation, and 

even power grids. Coronal mass ejections (CMEs) play an important role in space weather; the 

fast CMEs and the southward interplanetary magnetic field are closely linked to powerful 

geomagnetic storms (Gonzalez et al., 1999; Nitta & Mulligan 2021). 

The Maximum CME Speed Index (MCMESI) is the speed of the fastest CME in a given 

day. Studies show that MCMESI tracks solar and geospace conditions and is related to 

geomagnetic indices such as Ap and Dst (Kilcik et al., 2011; Kilcik et al., 2020). Therefore, 

prediction of the MCMESI leads to geomagnetic activity prediction and helps protect against 

the effects of geomagnetic storms. For the prediction, we used Empirical Dynamic Modeling 

(EDM) and its Simplex Projection method, which learns system behavior directly from data 

using time-delay embeddings and nearest-neighbor projections, without assuming fixed 

equations. These types of methods have repeatedly shown strong short-term predictive skills in 

complex, partially chaotic systems (Sugihara & May 1990; Sugihara et al., 2012; Ye et al., 

2015). 

Recent daily/near-daily prediction efforts in space weather focus mainly on geomagnetic 

indices driven by upstream solar-wind/IMF data, with machine learning and nonlinear models 

achieving multi-hour to day-ahead skill (e.g., Dst and Kp). Examples include LSTM/GP 

hybrids for multi-hour Dst, recurrent models for day-ahead Kp from solar wind inputs, 

operational Dst models, and image-aided day-ahead Dst predictions (Gruet et al., 2018; Wang 

et al., 2023). However, daily predictions built directly on CME-based indices such as MCMESI 

remain rare, leaving an opportunity for targeted nonlinear modeling. 

In this study, the MCMESI is evaluated as a predictive driver and Simplex Projection is 

applied to produce monthly and daily predictions for Solar Cycle 25. Short-horizon behavior 

(e.g., 3–4 days), where nonlinear methods typically perform best, is also bench-marked using 
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CME information compiled by the SOHO/LASCO CDAW catalog (Yashiro et al., 2004; 

Gopalswamy et al., 2009). 

2. Data and Methods 

The CME data were taken from the SOHO/LASCO CDAW CME Catalog 

(https://cdaw.gsfc.nasa.gov/CME_list/). Then we selected the fastest CME for each day. The 

monthly mean MCMESI was obtained as the arithmetic mean of the daily speed of this CME 

for the time period of May 1999–January 2025. The temporal variations of the daily and 

monthly MCMESI data sets are presented in Figure 1. 

 

 
 

Figure 1. Daily (top panel) and monthly mean (bottom panel) variations of the Maximum CME Speed 

Index (MCMESI). 

 

Following Takens’ theorem (Takens 1981), the delay embedding 

𝑋(𝑡) = [𝑥(𝑡), 𝑥(𝑡 − 𝜏), … , 𝑥(𝑡 − (𝐸 − 1)𝜏)], (1) 

was formed, where 𝑋(𝑡) is the state vector, 𝑥(𝑡) the scalar observation, 𝜏 the time delay, and 

𝐸 the embedding dimension. Proper choices of  𝐸 and 𝜏 allow the reconstructed attractor to 

preserve the relevant geometry of the original system and thus support prediction. 

For a current state vector 𝑋(𝑡), the 𝐸 + 1 nearest neighbors 𝑋1, 𝑋2, … , 𝑋𝐸+1 are identified. 

Let 𝜈𝑛 denote the current state and 𝜈𝑖 a neighbor with Euclidean distance ‖𝜈𝑛 − 𝜈𝑖‖. Using the 

provided  notation, the predictions for horizons 1,2, … , 𝑇𝑎 are computed as 

𝑃𝑟𝑒𝑑[1,2,…,𝑇𝑎] = ∑ 𝜔𝑖

𝐸+1

𝑖=1

𝜈(𝑖+[1,2,…,𝑇𝑎])
1 , (2) 

with exponential distance weights 

𝜔𝑖 =
𝑒𝑥𝑝(− ‖𝜈𝑛 − 𝜈𝑖‖ 𝜔𝑎𝑣𝑔⁄ )

∑ 𝑒𝑥𝑝𝐸+1
𝑗=1 (− ‖𝜈𝑛 − 𝜈𝑗‖ 𝜔𝑎𝑣𝑔⁄ )

, (3) 

where 𝜔𝑎𝑣𝑔 is the average scaling factor. Multi-step predictions are obtained by iterating 

𝑃𝑟𝑒𝑑[1,2,…,𝑇𝑎]. This equation-free, state-dependent procedure is standard in EDM and is well 

supported in nonlinear prediction (Sugihara 1990; Sugihara 2012; Ye 2015). 

https://cdaw.gsfc.nasa.gov/CME_list/
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For the monthly data, the last 12 months were excluded from the data, and the first 12 

predicted points were compared with the known excluded observations. For the daily series, the 

last 9 days data were excluded; the first 2 of these were used only for model selection, while 

the remaining 7 days were kept strictly unobserved and predicted forward. The selection was 

based on two complementary skill criteria; the Mean Absolute Error (𝑀𝐴𝐸), 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑥𝑖 − 𝑥̄|

𝑁

𝑖=1

, (4) 

measure the average amplitude error in km/s and the Pearson correlation coefficient 𝜌, 

𝜌 =
∑ (𝑥𝑖 − 𝑥̄)(𝑦𝑖 − 𝑦̄)𝑁

𝑖=1

√∑ (𝑥𝑖 − 𝑥̄)2𝑁
𝑖=1 √∑ (𝑦𝑖 − 𝑦̄)2𝑁

𝑖=1

, 
(5) 

Short-term behavior is emphasized on 3–4 day predictions. This is consistent with the 

general expectation that predictive ability in chaotic systems decreases with predefined time. 

Possible values for 𝐸 and 𝜏 were specified in advance (𝐸 = 2 − 10, 𝜏 = 1 − 30). The split 

points defining the end of the library set and the beginning of the prediction set were 

sequentially scanned across a large portion of the data set, and all (𝐸, 𝜏) combinations were 

tested at each split point. Predictions for each scenario were generated based on 𝜌 and 𝑀𝐴𝐸 

calculations. The best configurations were taken to be those yielding the highest 𝜌 and lowest 

𝑀𝐴𝐸 values. The selected combinations were then used to generate the final predictions. 

Simplex Projection method reconstructs the state space from a single time series and predicts 

by using the nearest past states and a distance-weighted average of their futures; no fixed 

equations are assumed, and only the embedding dimension 𝐸, time delay 𝜏, and split point must 

be set. This equation-free, geometry-based design makes the approach data-efficient, easy to 

update as new values arrive, and appropriate when records are limited. In practice, short 

horizons are favored: daily predictions performed best for about 3–4 days, while longer (e.g., 

7-day) horizons can still be produced with the expected loss of skill. These properties make 

Simplex Projection a natural choice for MCMESI and for other solar/geomagnetic indices that 

exhibit state-dependent behavior. 

3. Results 

The monthly MCMESI series was produced by averaging the daily MCMESI from May 

1999 to January 2025. To test true out-of-sample skill, the last 12 months data (January–

December 2024) were excluded from the data as a validation block. For Simplex Projection 

parameter combinations, candidate (𝐸, 𝜏) and split point values were predetermined within a 

certain range; a continuation model was created for each candidate starting from January 2024. 

The first 12 predicted points were then compared with the held-out observations using 𝜌 and 

𝑀𝐴𝐸, and the settings giving highest 𝜌 and lowest 𝑀𝐴𝐸 were retained. The selected 

configuration was finally used to produce the monthly cycle continuation presented in Figure 

2. 
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Figure 2. Predictions for the continuation of Solar Cycle 25 produced using monthly mean MCMESI. 

 

A total of 90 monthly predictions were generated for the monthly data (12 held-out months 

of 2024 plus a 78-month period). The best-performing settings were determined by comparing 

the first 12 prediction points with the 12 held-out observations using 𝑀𝐴𝐸 and 𝜌; the 

configuration with the highest 𝜌 and lowest 𝑀𝐴𝐸 value was ranked highest. The three best-

performing configurations were retained, and their cycle continuations are shown in Figure 2. 

These continuations indicate that Solar Cycle 25 is stronger than Solar Cycle 24 in terms of the 

amplitude of the MCMESI, but slightly weaker or similar to Solar Cycle 23. The trajectories 

show a steady decline after 2025, with the cycle completing in the early to mid-2030s. High 

activity is also projected between 2024 and 2027, indicating the period of most intense 

geoeffective conditions in this cycle. 

The daily MCMESI series was analyzed with the same Simplex Projection framework. To 

evaluate true short-horizon skill, 9 end-of-record values were withheld (the last week of 2024: 

2 points used only for model selection and 7 points kept strictly unseen for prediction). 

Candidate (𝐸, 𝜏) and split point sets were pre-specified; three best combinations were retained 

based on the highest 𝜌 and lowest 𝑀𝐴𝐸, and used to generate the 7-day forward predictions as 

shown in Figure 3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                              
Figure 3. Predictions for the last 9 days (2 observed + 7 considered unobserved) of 2024 generated 

using daily MCMESI values. 
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As a first step, the three most successful predictions selected are closely aligned with the 2 

observed points, indicating that the current situation is well captured. Over the next 7 days, the 

predicted trajectories reproduce the week's development in both shape and amplitude quite well, 

indicating good short-term prediction performance for the daily MCMESI. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4. Daily MCMESI predictions across the 2024→2025 boundary using a 2+7 setup. 

Predictions were initialized with the last 2 observed days of 2024 (Dec 30–31) and extended over 7 

unobserved days (Jan 1–7, 2025); the subsequently published Jan 1–7 observations are overplotted as 

a dashed black line for validation. 

 

As shown in Figure 4, 9 days were analyzed using the 2+7 design as we entered 2025: the 

last 2 days of 2024 were used for parameter selection, and the following 7 days were predicted. 

Five predictions from the retained (𝐸, 𝜏) combinations are displayed in the figure. The most 

successful settings involved higher embedding dimensions 𝐸 than in the previous week, 

suggesting a more complex state-space in the first week of 2025. The predictions and 

observations made during the first three days (January 1-3) showed good agreement, but in 

subsequent stages, performance declined as expected with increasing time. If the prediction had 

been initialized on Jan 3 (i.e., using three observed points for selection), the Jan 4 peak would 

likely have been captured more accurately. Overall, week-long predictions are feasible, but for 

precision and operational use, 3–4 day horizons are generally preferable. 

From the monthly predictions, Solar Cycle 25 was predicted to exceed Cycle 24 in maximum 

CME-speed amplitude and to be slightly weaker or comparable to Cycle 23; activity was 

projected to decline after ~2025, with cycle completion in the early–mid 2030s. The 2024–2027 

interval was identified as the most active part of the cycle, implying the highest geoeffectivity. 

In the daily analysis, the 2+7 design produced close agreement for the first 3–4 days, while skill 

decreased at longer times; in some weeks, higher embedding dimensions (𝐸) were selected, 

indicating temporally varying complexity in the dynamics. Overall, Simplex Projection was 

applicable and efficient method for MCMESI prediction. While 3–4-day time intervals are 

recommended for predictions, a one-week prediction can be published with appropriate 

precautions. 

4. Conclusion and Discussion 

In this study, MCMESI-based predictions were performed on a monthly and daily basis 

using the Simplex Projection method. The findings of the study are as follows: 

 

1. Solar Cycle 25 is stronger than Solar Cycle 24 in MCMESI amplitude and slightly 

weaker or comparable to Solar Cycle 23. 



Proceedings of 

the Seventeenth Workshop “Solar Influences on the Magnetosphere, Ionosphere and Atmosphere”  

June, 2025 

22 Topic:   Sun and Solar Activity 

2. 2024–2027 is indicated as the most geo-effective interval of Solar Cycle 25. MCMESI 

activity declines after ~2025; cycle completion is predicted for early–mid 2030s. 

3. For daily predictions, best agreement occurs over ~3–4 days; week-long predictions are 

feasible but show the expected loss of skill with time. 

4. It has been proven that the Simplex Projection method can be applied to monthly and 

especially daily MCMESI data. 

 

Based on monthly data, our MCMESI predictions indicate that Solar Cycle 25 (SC25) has 

exceeded SC24 and is slightly weaker than or comparable to SC23, with activity declining after 

~2025 and reaching a minimum in the early to mid-2030s. This picture is broadly consistent 

with prediction-oriented cycle studies that anticipated SC25 to be similar to or somewhat 

stronger than SC24 and peaking near 2024 (e.g., Bhowmik & Nandy 2018), while remaining 

well below the most optimistic “very strong SC25” scenarios inferred from terminator-based 

arguments (McIntosh et al., 2020). It also sits between competing physics-based predictions 

that predicted either a weaker-than-SC24 (Upton & Hathaway 2018) or a substantially stronger 

one (McIntosh et al., 2020), and is consistent with review assessments of SC25 predictions that 

emphasized the spread across methods (Petrovay 2020). 

On a daily basis, the 2+7-day design provided the highest compatibility for ~3–4 days, 

followed by the expected skill loss over longer periods. This short-horizon character aligns with 

operational geomagnetic-index prediction results: data-driven/ML and hybrid models for Dst 

and Kp typically achieve multi-hour to day-ahead skill but degrade with time (e.g., Temerin & 

Li 2006; Gruet et al., 2018; Hu et al., 2023). Our CME-based prediction tool, which relies on a 

single series, provides useful predictions for 3–4 days without upstream solar wind inputs, but 

shares the same fundamental limitation of decreasing accuracy over time. 

Relative to event-level CME arrival time prediction, our approach plays a complementary 

role. Physics-based and drag-based systems (e.g., WSA–ENLIL+Cone, DBM/DBEM) 

generally report typical absolute arrival-time errors of order 10–15 hours and are strongest when 

detailed CME parameters are available; ensemble variants quantify uncertainty. In contrast, 

MCMESI-Simplex, rather than predicting the arrival time of individual CMEs, provides 

continuous predictions at the index level regarding amplitude and short-term evolution, 

indicating periods of high activity. Combining event timing models for specific CME events 

with MCMESI's index-level predictions can provide perspectives on both when and how they 

will be active (e.g., Mays et al., 2015; Napoletano et al., 2022). 

Finally, higher embedding dimensions likely reflect temporally varying state complexity. 

This behavior has also been observed in studies where model skill depends on prevailing solar-

wind/CME conditions. 
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