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Abstract
Objectives: This study aims to identify solar wind speed as a precursor
to the giant class of solar flares, focusing on flare intensity and wind
density. Methods: A three-tier analysis was conducted on radio data from
X-class solar flares on January 9, 2023, and May 11, 2024. Forecasting
involved analysing wind speed variations w.r.t flare intensity and wind
density. Firstly the data processing included filtration, moving average
regressions, Holt-Winters and ARIMA models to identify the best fit. Secondly,
the forecasted data were scaled to solar parameter ranges, revealing
binary time-scale dependencies. Boolean feature extraction was employed
to determine wind parameter frequency. Final predictions were made using
an ensemble Random Forest model. Temporal parameter variations of
geomagnetic indices are also related to identifications of the perturbation.
Findings: Machine learning models achieved R2 scores of 0.503±0.0002
and 0.7125±0.0035 for the two dates. RMSE analysis showed a swing of
|-4.94 ± 3.811| for May 11, 2024. Post-flare (for 1-18 hrs. passage) wind
speed (kms-1) and density (particlesm-3) differences are |±1.882 ±0.2543|
and |±0.257±0.01055| respectively. Boolean expressions revealed solar
parameter time dependencies, with frequency analysis yielding a mean of
49.90±0.26 and standard deviation of 28.45±0.05. The Random Forest model
yielded an R2 of 0.8514±0.0012. A Dst change of 18 nT was observed with
post-flare enhanced solar wind. Novelty: This study introduces a state-of-
the-art approach through a three-tier forecasting methods, combining model
fitness analysis, Boolean function feature extraction and prediction. This
framework captures the unique dependencies between solar wind speed, flare
intensity and density highlighting the retention of increased average wind
speed following a flare.
Keywords: Solar Flare; Solar Wind Speed; Regression; HW; ARIMA; Random
Forest Model
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1 Introduction
The solar plasma is an accumulation of charged particles that expands outward from the corona present in the photosphere
forming the solar wind and the gravitational attraction of the star is unable to contain this because of its constant heating. It
moves in alignment with themagnetic field lines of the Sun that radiate outwardly. Magnetic field lines form amassive spinning
spiral above its polar regions during the Sun’s twenty seven days period of one axial rotation and thereby producing a steady
streamof ”wind”.These emissions typically instigate from the large luminous areas known as the ”coronal holes”. Solarwind (SW)
connectedwith coronalmass ejections (CMEs) and solar flares (SFs) should have a finite time relationship among them therefore
there will be a certain alteration in the density profile and speed in the SW heading towards the Earth (1,2). The geomagnetic
storms triggered through the CMEs and higher class of SFs can affect the operations of the electronics in the satellites and
space-crafts by intervening with their magnetic fields and thereby the conduction system. Hence communication system of
the Earth gets perturbed to a great extent. The storm alert system founded on the day-ahead prediction of the giant class of
SFs and CMEs directed toward Earth by observing the solar wind speeds (SWSs) variation has been developing throughout
the decades and some of them become highly effective (3,4). Previous research revealed the link between various categories of
flares and CMEs by analyzing the data collected from the deep space observatories placed at L1- Lagrangian point and has
given light on the critical aspects of predictions. The classical modeling regarding the existence and properties of the SWS
is termed as Eugene Parkar’s model (1958) (5). The empirical modeling of the SWS prediction describes its average behavior.
The periodicity and variations of SWSs are found out through the Fourier and wavelet analysis on the curated time series
data (6). The magneto-hydrodynamic (MHD) simulations have come as a significant modeling tool to analyze the interaction
of the SWS and magnetic field. With the advancement of artificial intelligence (AI) and machine learning (ML) along with
deep learning techniques, SWS classification and prediction has shown significant progress. Some of these adopted models
are Wang-Sheeley-Arge (WSA)-ENLIL, Physics-informed neural networks (PINN) and Real-time forecasting (7–9). The WSA-
ENLIL associates a semi-empirical close to Sun module and a 3-D MHD numerical model to forecast SWSs and CMEs. This
model exhibits strong performance in resource specific, precise and prolonged forecasts. Assimilating the observational data
with the fundamental physical principles in relation to the behavior of the SW the PINNs show enhanced accuracy in speed
predictions. The real-time forecasting PREDSTORM model is updated every 10 minutes by the received data from space-
crafts like DSCOVR and ACE and it’s very effective for high-speed SW data (10,11). In earlier studies, some important aspects
of the SWS prediction system are shown. Applying the deep learning model on the extreme-ultraviolet ray imagery collected
from the NASA, OMNI data while predicting the SWS at L1 was proven far better than the autoregressive and Naive model
of prediction with the higher activation function in the vicinity of the dynamic coronal holes for high and slow wind, prior
to the appearance of the SF and ejectras (12). The coronal-intensity data correspond to the SWS at L1 while balliastically traced
back to the Sun were obtained by applying a designed CNN architecture for training images data from the AIA (Atmospheric
Imaging Assembly) at the wavelength of 193 Å by assuming the constant speed of propagation (13). The classification based on
time transition probability was obtained by the application of the Gaussian Process classifier algorithm over the hourly averaged
SWS database (14). The solar storms during the solar minimum cause the activities in the Earth’s magnetic field. Ambient SW
fluxes in interplanetary space represent the evolvement of the storms over the heliosphere before its arrival at the Earth.Thus an
accurate forecasting of SW flow neighboring to the Earth is essential. Estimation in this respect was done by using the solutions
ofmagneticmodels of the corona byML techniques. It was reported that an application ofML has classified the SWSs by finding
most fittest combination out of 8191 cases using 13-SWS parameters with the comprehensive enumeration of an 8-dimensional
scheme at the 1AU distance in the following categories viz. coronal hole origin plasma, sector-reversal-region plasma, streamer-
belt-origin plasma and ejecta (15). As per the above discussed literatures, it is realized that the research on the categorization of
the SWSs depending on the parameters considered by utilizing various phenomenon, factors and data types was conducted.
Considering these facts the present work is focused on a finer research gap i.e. to propose a new methodology to evaluate the
fitness of the other solar parameters to the pre-categorized or leveled SWSs, thereby focusing on its capacity to indicate the
occurrences of the perturbations at the distant solar photosphere likely flares and CMEs. Hence along with the regressions and
ML models the present analyses introduce the binary dependencies in view of Boolean expression of the SWS with the flare
intensity and wind density. In this present work, two major classes of solar flare with X-class intensity on January 9, 2023 and
May 11, 2024 are considered.The radio data from the deep space observatories viz. wind speed, flare intensity, wind density and
geomagnetic indices are collected. Data for both the flares area fitted in five different forecasting techniques are adopted here
from the traditional regression model to supervised MLmodels. Upon comparing the statistical measures of those models, the
most effective sets among them are selected. These forecasted data are considered in terms of time and logical states of their
occurrences. Then the logical dependencies between the parameters using minimization techniques are analyzed. Based on
the trends observed in the variation of SWS variables, the study maximizes the generation of Boolean datasets and establishes
predictive capabilities using a Random Forest model of machine learning. A comprehensive visualization of these dependencies
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is also presented to enhance the understanding of the observed trends. Results obtained from the three phases of analysis
when unfolded some extremely significant observations on the predictive property are found.These striking observations show
significant advancement from their analytical view-points regarding the physics involved and the expressions developed in
comparison to some of the previous benchmark research. Considering the fact that the ionospheric ring current in D-layer is
perturbed at the intensive SFs and leads to the modification of the geomagnetic field pattern at the interaction of the charge
particles with the ionospheric plasma (16), the correlations of the geomagnetic indices and SWS is also analyzed here to find the
conformity to the obtained result of the solar parameters with respect to their time of variation. The present work is critically
considered about two different giant solar flares that happened with an interval of 4 months 3 days and 6.7 hrs. and distributed
in winter-evening dust to monsoonal-night time basis respectively for the diversified features and validations of the analysis of
the one flare by the other.

2 Methodology
The radio data of X-class solar flare on January 9, 2023 (Test Day-1: TD-1) and May 11, 2024 (Test Day-2: TD-2) for flare
intensity, wind speed and density are collected and the analyses are executed by following processes.

I. Initial processing is carried out through listing and sorting, deletion of noisy data and insertion of data through random
sampling. This processed data is considered the actual data set and is utilized for the following methods.

The following expression shows smoothening of data through simple moving average filtering model (17).
𝑆𝑀𝐴𝑖+1 = 1

𝑘 ∑𝑛+1
𝑖=𝑛−𝑘+2 𝑝𝑖 = 𝑆𝑀𝐴𝑖 + 1

𝑘 (𝑝𝑛+1 −𝑝𝑛−𝑘+1)
The running mean is carried out over the last consecutive ‘k’ number of entries of the data; ‘n’ total data set entries, ‘p’ values

of data points. Heremoving average filtration is taken for three periods 5 (MA-P5), 10 (MA-P10) and 15 (MA-P15) respectively.
II. The weighted moving average model (17) is shown by the following expression

̂𝑦𝑖+1 = ∑𝑛
𝑖=1 𝑊𝑖×𝑦𝑖

𝑛 ;∑𝑛
𝑖 𝑊𝑖 = 1

Where, 𝑊𝑖 = weight, 𝑛 = number of observation, 𝑦𝑖 = actual values, 𝑦𝑖 = predicted values. Four set of com-
binations of weights are considered here viz. (i) 0.4,0.3,0.2,0.1 (WMA-S1),(ii) 27,26,25,24,23,22,21,20(WMA-S2) and (iii)
20,21,22,23,24,25,26,,27(WMA-S3).

III. The Exponential moving average model (17) is shown by the following expression
̂𝑦𝑖+1 = ̂𝑦𝑖 +𝛼(𝑦𝑖 − ̂𝑦𝑖)

𝑛 = number of observation, 𝑦𝑖 = actual values, 𝑦𝑖 = predicted values. Here three set of 𝛼
values are considered viz. 𝛼 = (i) 0.2; (EMA-S1), (ii) 0.3 (EMA-S2) and (iii) 0.4 (EMA-S3).
IV.Here two supervisedmachine learningmodels exponentialHalt-Winter (HW) (18)and autoregressive-integrated-moving-

average prediction (ARIMA) (19,20)are considered. The model training and testing of the processed data set and the estimation
of forecasted data sets are carried out.

Forecast expression for HWmodel:
̂𝑦𝑡+ℎ = 𝐿𝑡 +𝑇𝑡 +𝑆𝑡−𝑚+ℎ%𝑚

𝐿𝑡,𝑇𝑡,𝑆𝑡,𝑦𝑡 and 𝑚𝑡 are the level, trend, seasonal component, observed value at time t respectively and ̂𝑦𝑡+ℎ forecasted
value at time 𝑡 + ℎ, where ℎ is the number of periods ahead to forecast, % denotes the modulo (returns remainder only)
operation.

Forecast expression for ARIMA model:
∅(𝐵)(1−𝐵)𝑑𝑌𝑡 = 𝑐 +𝜃(𝐵)𝜖𝑡
p, d and q are the order of autoregressive part, differencing, moving average part respectively. ∅(𝐵) =1 − ∅1𝐵 − ∅2𝐵2 −

⋯−∅𝑝𝐵𝑝; Autoregressive operator
𝜃(𝐵) =1−𝜃1𝐵 −𝜃2𝐵2 −⋯−𝜃𝑞𝐵𝑞 ; Moving average operator
𝐵𝑦𝑡 = 𝑦𝑡−1; Back-shift operator
V. The models from sections 2.I to 2.IV with better performances are selected depending on their estimated values of

the statistical parameters viz. Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Mean Absolute
Deviation (MAD) and the regression parameters from the Analysis of Variance (ANOVA) (21) of the multivariate regression
analysis viz. R2, Significance-F, coefficient and p-value of the time and forecasted values of SFI, SWS and SWD.

𝑅𝑀𝑆𝐸 = √∑𝑛
𝑖=1

(𝑦𝑖−𝑦𝑖)2
𝑛 ; 𝑀𝐴𝑃𝐸 = 1𝑛 ∑𝑛

𝑖=1 ∣( 𝑦𝑖−𝑦𝑖𝑦𝑖
)∣×100; 𝑀𝐴𝐷 = ∑𝑛

𝑖=1|𝑦𝑖−𝜇|
𝑛 ;

𝑅2 = 1− ∑𝑛
𝑖−1 (𝑦𝑖−𝑦𝑖)2

∑𝑛
𝑖−1 (𝑦𝑖−𝜇)2 ; 𝑆𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒𝐹 = 𝑆1

2

𝑆2
2 ; 𝑆2 = ∑(𝑥𝑖−−𝑥)2

𝑛 ; 𝑝𝑣𝑎𝑙𝑢𝑒 = 1−𝐹(𝑑𝑓1,𝑑𝑓2)𝐹
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𝑛 = number of observation, 𝑦𝑖 = actual values, 𝑦𝑖 = predicted values, 𝜇 = mean, 𝑥𝑖=sample value, −𝑥=sample mean, 𝑆2=
standard deviation, 𝑑𝑓1,𝑑𝑓2= degrees of freedom.

VI. On the basis of the prediction ability as derived from their best fitted plots further selection of the models is carried out.
VII. Scales of classifications of solar parameters viz. solar wind speed (SWS), solar flare intensity (SFI) and solar wind density

(SWD) are shown in Table 1 .Themaximum,minimum,mean and standard deviations of the dataset are considered as the basis
of these selected ranges.

Table 1. Ranges of distribution

Ranges Solar wind speed Solar flare intensity Solar wind density
Symbols Values Symbols Values Symbols Values

1 SWSR1 ≥250 : ≤350 SFR1 ≥10 : ≤50 SWDR1 ≥0 : ≤2
2 SWSR2 ≥350 : ≤450 SFR2 ≥50 : ≤100 SWDR2 ≥2 : ≤5
3 SWSR3 ≥450 : ≤500 SFR3 ≥100 : ≤150 SWDR3 ≥5 : ≤10
4 SWSR4 ≥500 : ≤600 SFR4 ≥150 : ≤350 SWDR4 ≥10 : ≤15
5 -NR- -NR- SWDR5 ≥15 : ≤20
“:” for ranges,“-NR-“for no ranges specified

VIII. Depending on the ranges of solar parameters as depicted in Table 1 the discrete (binary) dependencies on the time of
occurrence of wind speed w.r.t. the flare intensity and density are evaluated for the selected models.

IX. The SWS, SFI and SWD as presented in the respective ranges and their occurrences as obtained from section 2.VIII
are combined in pair viz. SWS and SFI and SWS and SWD through four and five variables Karnaugh’s (K) map respectively.
The map is constrained by the bias that “no formation of group is allowed to close the min-terms among the rows” i.e.
∀ 𝐾𝑖𝑗𝐾𝑖′ 𝑗′ ∈ 𝐺, ∣𝑖− 𝑖′ ∣ > 1. Where 𝑖 and 𝑖′

are row indices of the cells in the same group, 𝐺 represents any group of cells
in the Karnaugh’s map 𝐾. Parameters in pairs with their co-existence are considered as the “truth-truth” logical condition and
denoted by the min-terms i.e. logic-1(occurrence function: 𝑓𝑟𝑎𝑛𝑔𝑒𝑠 𝑜𝑓 𝑆𝑊𝑆,𝑆𝐹𝐼) and also other logical conditions with the
non-existence of either and both of the parameters are considered as zero.The position of the combinations of the pairs in the K-
map denoted by variable w and z (row-wise) for SWS and y and x for SFI (column-wise) andwhere w and x are theMSB and LSB
respectively. Similarly, d and c for SWS (row-wise) and b and a for SWD (column-wise) are the variables to signify the position
of the parameters (occurrence function: 𝑓𝑟𝑎𝑛𝑔𝑒𝑠 𝑜𝑓 𝑆𝑊𝑆,𝑆𝑊𝐷) and where d and a are the MSB and LSB respectively. From
these minimized canonical Boolean expressions to represent the dependencies are estimated.

X. Extracting the features of the derived Boolean expressions (vide 2.IX) in terms of w,z (dependence of SWS on SFI) and
d,c (dependence of SWS on SWD) is carried out (i.e. the trends for the combinations w∈{0,1}, z∈{0,1} and c∈{0,1}, d∈{0,1}are
extracted). A Boolean datasets of 5000 samples are generated with the optimised variations by supervised machine learning
from the extracted features.The selection of the sample number is based on the consideration of average number of major class
of solar flare happened on solar maximum (5.5 years in 11 years cycle) for 2 years (2023-2024). That average number comes
out as approximately 14,600 (22). Where our sample size stands significant by covering 34% of that set. Here these samples are
assigned by a number named as Method Index.

XI. For predicting the occurrence of SWS values based on input combinations of SFI and SWD variables. On the generated
data set (vide 2.X) for SFI and SWD combinations, along with their corresponding target values for in w,z and d,c (scaled
between 0 and 100) a supervised learning algorithm Random Forest Regressor model (23) is applied to train separately for the
predictions of w,z and d,c. Where the input features consist of SFI and SWD combinations.

XII. 3-Dimentional (3-D) plotting with colour mapping to visualize the frequency trends (vide 2.X) and the predictions of
the occurrences (vide 2.XI) of the two sets of variables are developed.Thus illustrating how the occurrence of w,z and d,c varies
as a function of the SFI and SWD combinations.

XIII. The model’s accuracy metrics viz. R2, MAE and RMSE are calculated for a quantitative measure of the prediction
accuracy and model fit.

XIV. Microsoft Advance Excel (processing, forecasting, statistical analysis, optimization and conditional searching from
sections 2.I to 2.IV, 2.VI to 2.VIII and 2.IX) and Python programming (involving the activation of Graphics Processing Unit)
for the machine learning algorithms for forecasting from the sections 2.IV, 2.V for the models HW, ARIMA, the sections from
2.X to 2.XIII for the extraction of features (supervisedmachine learning), RandomForest Regressormodel (supervisedmachine
learning), model accuracy metrics and 3-D colour plotting respectively are utilized in the present work.
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XV. Correlations and the variations of the flare intensity, wind speed and geomagnetic indices for the actual and forecasted
set of data have been estimated.

3 Data sources
Solar parameters: National Oceanic and Atmospheric Administration (NOAA), Advance Composition Explorer (ACE), Deep
Space Climate Observatory, National Aeronautics and Space Administration (NASA) and European Space Agency (ESA). Geo-
magnetic indices: University of Kyoto, Helmholtz Center Potsdam German Geo Research Center.

4 Results and Discussion
The maximum variation of solar flare intensity on TD-1 and 2 are 198 (18.5UT) and 589 (1.22UT) Wm-2 respectively. Sharp
growths and decay for X-class of flares are observed.The half powermaxima and bandwidth of the X- class flares w.r.t maximum
amplitude are of the values 140.007 (0.08UT) and 416.49 (0.114UT)Wm-2 and for TD-1 and 2 respectively. Apart from these 3
and 5 numbers of M-class flare with the highest amplitude of 54 (19UT) and 87.89 (15.12UT)Wm-2 are also observed on TD-1
and 2.

Table 2. Descriptive statistics of the forecasting

Methods Para
meters

RMSE
(TD-1-
TD-2)

MAD
(TD-1-
TD-2)

MAPE
(TD-1-
TD-2)

Para
meters

P-value R2 Significance-F

TD-1 TD-1 TD-1 TD-2 TD-1 TD-2

MA-P5
SFI -21.96 -4.41 -5.82 Time 6.11×10-91 6.11×10-91

0.74 0.40 1×10-91 1.07×10-77SWD -2.52 -0.93 2.53 SFI 2.72×10-08 2.72×10-08
SWS -12 -10.08 -0.55 SWD 3.9×10-08 3.9×10-08

MA-P10
SFI -21.4 -4.92 -2.84 Time 1.55×10-97 1.55×10-97

0.77 0.41 1.5×10-184 3.34×10-81SWD -2.78 -1.68 4.48 SFI 1.37×10-13 1.37×10-13
SWS -8.7 -8.3 -0.67 SWD 5.01×10-09 5.01×10-09

MA-P15
SFI -21.8 -5.18 -1.97 Time 4.7×10-120 4.7×10-120

0.793 0.42 1.6×10-194 4.8×10-20SWD -2.36 -1.13 -1.47 SFI 4.53×10-20 4.53×10-20
SWS -5.73 -3.59 -0.583 SWD 1.62×10-09 1.62×10-09

WMA-S1
SFI -26.17 -8.728 -115.1 Time 3.31×10-91 3.31×10-91

0.73 0.38 3.4×10-164 5.4×10-74SWD -2.31 -2.063 1.57 SFI 6.61×10-07 6.61×10-07
SWS -11.64 -25.23 -3.08 SWD 7.46×10-06 7.46×10-06

WMA-S2 SFI -23.92 -5.85 -47.51 Time 1.6×10-156 1.6×10-156
0.71 0.38 8×10-155 1.9×10-70SWD 0.66 -1.828 -34.2 SFI 6.3×10-06 6.3×10-06

SWS 15.84 -38.28 -0.77 SWD 0.32 0.32
WMA-S3 SFI -25.36 -6.46 -35.24 Time 0.074 0.074

0.40 0.37 9.8×10-64 1×10-70SWD 1.58 1.257 -28.94 SFI 0.934 0.934
SWS 41.47 23.3 0.224 SWD 5.1×10-65 5.1×10-65

EMA-S1 SFI -14.28 -3.219 -0.73 Time 9.51×10-88 9.51×10-88
0.703 0.35 1.9×10-153 1.04×10-66SWD -0.93 -0.35 0.08 SFI 0.00014 0.00014

SWS -4.04 -3.45 0.032 SWD 2.9×10-05 2.9×10-05

EMA-S2 SFI -7.35 0.38 101.54 Time 1.1×10-84 1.1×10-84
0.69 0.31 9×10-148 1.61×10-57SWD -3.78 -2.521 0.73 SFI 0.00067 0.00067

SWS -12.75 -7.638 0 SWD 0.0002 0.0002

EMA-S3 SFI -6.303 -1.49 -1.72 Time 8.6×10-88 8.6×10-88
0.702 0.33 4.2×10-153 6.84×10-62SWD -0.36 -0.16 0.513 SFI 0.00059 0.00059

SWS -2.45 -1.7 0.019 SWD 3.7×10-05 3.7×10-05

HW
SFI 43.566 43.9 1859.8 Time 12.7 12.7

0.716 0.501 1.2×10-159 1.98×10-8SWD 1.57 1.8 96.95 SFI 0.054 0.054
SWS 90.04 94.63 40.7 SWD -2.67 -2.67

ARIMA
SFI 51.7 51.74 2194.8 Time 11.9 11.9

0.709 0.505 1.7×10-156 1.04×10-9SWD 1.61 1.79 94 SFI 0.055 0.055
SWS 90.01 95.63 40.93 SWD -2.7 -2.7

Table 2 shows the derived results of the estimations of RMSE, MAPEandMAD for SFI, SWS and SWD on TD-1 and 2 along
with the R2, Significance-F, coefficient and p-value for SWSw.r.t time, SFI and SWD for all themodels (vide 2.II to 2.V) from the
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forecasted datasets. The length of the dataset are utilized here are ranging as 720-726 for TD-1 and 590-595 for TD-2. Models
with optimized performances from the five categories are selected on the basis of their R2, Significance-F, p-value, MAPE and
RMSE. For TD-1, EMA shows the lowest R2 values among the others. Though WMA-S1 shows lesser R2 than MA-P5 and
MA-P10 but it has shown improved RMSE andMAPE values on TD-1. MAPE value shows few negative results that signify the
outliers in the set of data.The best models for TD-2 are EMA-S1 and EMA-S2, which consistently exhibit low RMSE,MAD, and
MAPE values across all the parameters. These models also show high R2 values around 0.33 to 0.42 with statistically significant
p-values (<0.05), indicating good model fit and reliability. HWmodels also perform well, especially in SFI and SWD with low
RMSE and MAD. Notably, outliers can skew metrics like MAPE, especially in cases where the dataset contains extreme values.
Models like EMA-S1 and EMA-S2, with lowMAPE and may be more robust against outliers, as their predictions remain stable
even with some irregular values. The ARIMA shows the best R2 for TD-2. The Significance–F shows that for all the models
the calculated value is greater than the critical value of F (2.62) for the 95% confidence interval. The p-values also shows the
statistical significance with this. Hence the selected models are as follows viz. MA-P15, WMA-S1, HW and ARIMA for TD-1
and EMA-S1, EMA-S2, HW and ARIMA for TD-2.

Fig 1. Fitted plot for predicted of SWS (ordinate) and actual SWS (ordinate) w.r.t independent variables [abscissae (TD-1: I and TD-2:
II, combined primary abscissae: I+II and secondary abscissae: II)] 1st column: Time, 2nd column: SFI and 3rd column: SWD (estimated
through 1strow: MA-P15 and EMA-S2, 2nd row: WMA-S1 and EMA-S1, 3rd row: HW and 4th row: ARIMAmodels)

Figure 1 shows the fitted plot for predicted and actual SWS w.r.t time, SFI and SWD as the independent variables for those
selectedmodels. From the previous part of analysis, the twomodels HWandARIMA for TD-1 and 2 out of the four are retained
for the remaining part of the analysis. It is considered on the facts that, these selectedmodels showR2>0.50 and F-values (~10-4)
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falls in the region greater than the critical value of F-statistics along with their greater prediction ability than the others as more
concentrated distributions of the predicted points is found surrounding the best fit (vide Figure 1).The forecasted data set from
the selected models from the above part are fitted into the methods (vide 2.VII and 2.VIII) as depicted earlier. The variation of
time of occurrences of the SWSs from the range 1 to 4, where each range corresponds to a column w.r.t SFIs from the range 1
to 4 in each frame and the similar distribution of the SWDs in place of SFIs with the same frame wise distribution of the SWSs
of the actual, HW and ARIMA predicted data for TD-1 and 2 are shown in Figure 2. Binary logic values of these parameters at
the bounds of the abscissae in all the frames as 0 and 1 for the non-occurrences and occurrences respectively are shown.

Fig 2. Time spectrum: Variation of time of occurrences (ordinate) of the solar wind speed [range 1 (1st column), range-2 (2ndcolumn),
range-3 (3rd column) and range-4 (4th column)] w.r.t solar flare intensity (range- 1 to 4) of the actual data (1st row), HW-predicted (2nd
row) and ARIMA-predicted (3rd row) and the variation of time of occurrences (ordinate) of the solar wind speed [range-1 (1st column),
range-2 (2ndcolumn), range-3 (3rd column) and range-4 (4th column)] w.r.t solar wind density (range-1 to 5) of the actual data (4th row),
HW-predicted (5th row) and ARIMA-predicted (6th row). Binary logic values for the occurrences at the bounds of the abscissae in all
the frames (0= non-occurrences and 1 = occurrences) for TD-1 and 2. [Frame number (upper right corner of the each frame)-(Data
types. Dependence), Data types: Actual-1, HW (prediction)-2 and ARIMA (prediction)-3; Dependence: 1 to 4- SWSR1 (SFIR1, SFIR2,
SFIR3, SFIR4) to SWSR4 (SFIR1, SFIR2, SFIR3, SFIR4) respectively and 5 to 8 - SWSR1 (SWDR1, SWDR2, SWDR3, SWDR4, SWDR5)
to SWSR4 (SWDR1, SWDR2, SWDR3, SWDR4, SWDR5) respectively]

Some significant observations from Figure 2 are as follows. SFIs are less frequent in SWSR1 across all datasets. On TD-1
this range includes most B, C and discrete M-class flares, while on TD-2 the maxima of X-class intensity falls in this range. In
SWSR2, TD-1 shows C-class flares and background flux of 2.2 Wm-2, while TD-2 includes B and C-class flares along with the
background flux of 5.23Wm-2. SWSR3 on TD-1 contains higher C andmostM-class flares. Less delay is seen between the speed
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attainment in this range and the occurrences of class of flare. On TD-2 it includes moderate-to-higher M-class flares and the
edges of X-class flares. SWSR4 shows the maxima of X-class flares on TD-1. On TD-2, it contains mostly B-class flares, a few C-
class andmildM-class flares.The half-powermaxima’s of X-class flares on TD-1 lie in SWSR3, while on TD-2 they lie in SWSR1.
The HWmodel shows higher C-class flares in SWSR3 on TD-1 and in SWSR1 on TD-2. On TD-1, SWSR4 includes flares from
ranges 1–4 but excludes X-class. On TD2, X-class flares are absent in the SWSR4. SWD ranges 1, 2, and 4 are distributed in
SWSR1 for TD-1, while TD-2 shows ranges 2–4 for SWSR1. SWDR2 dominates the actual dataset on TD-1, HW and ARIMA
on TD-2. SWDR4 distribution ascends as Actual, HW and ARIMA on TD-1 and Actual, ARIMA and HW on TD-2. SWDR5
is not observed in any range among all the datasets.

The following are the derived minimized canonical Boolean form of representation of the occurrence functions of SWS w.r.t
SFI and SWD (vide 2.IX and 2.X).

For TD-1 from both the models HW and ARIMA:
𝑓𝑆𝑊𝑆𝑅2,𝑆𝐹𝐼 = ¬𝑤 ∧𝑧 ∧¬𝑦 ∧¬𝑥, 𝑓𝑆𝑊𝑆𝑅3,𝑆𝐹𝐼 = 𝑤 ∧¬𝑧 ∧¬𝑦, 𝑓𝑆𝑊𝑆𝑅4,𝑆𝐹𝐼 = 𝑤 ∧𝑧 ∧(¬𝑦 ∨𝑥).
𝑓𝑆𝑊𝑆𝑅1,𝑆𝑊𝐷 = ¬𝑑 ∧¬𝑐 ∧(¬𝑏 ∨𝑎), 𝑓𝑆𝑊𝑆𝑅2,𝑆𝑊𝐷 = ¬𝑑 ∧𝑐 ∧(¬𝑏 ∨¬𝑎),
𝑓𝑆𝑊𝑆𝑅3,𝑆𝑊𝐷 = 𝑑 ∧¬𝑐, 𝑓𝑆𝑊𝑆𝑅4,𝑆𝑊𝐷 = 𝑑 ∧𝑐 ∧(¬𝑏 ∨¬𝑎).
For TD-2 from the model ARIMA:
𝑓𝑆𝑊𝑆𝑅1,𝑆𝐹𝐼 = ¬𝑤 ∧ ¬𝑧 ∧ ¬𝑦, 𝑓𝑆𝑊𝑆𝑅2,𝑆𝐹𝐼 = ¬𝑤 ∧ 𝑧 ∧ ¬𝑦 ∧ 𝑥, 𝑓𝑆𝑊𝑆𝑅3,𝑆𝐹𝐼 = 𝑤 ∧ 𝑧 ∧ ¬𝑦 ∧ ¬𝑥, 𝑓𝑆𝑊𝑆𝑅4,𝑆𝐹𝐼 =

𝑤 ∧¬𝑧 . 𝑓𝑆𝑊𝑆𝑅1,𝑆𝑊𝐷 = ¬𝑑 ∧¬𝑐 , 𝑓𝑆𝑊𝑆𝑅2,𝑆𝑊𝐷 = ¬𝑑 ∧𝑐 ,
𝑓𝑆𝑊𝑆𝑅3,𝑆𝑊𝐷 = 𝑑 ∧𝑐 ∧(𝑎∨¬𝑏), 𝑓𝑆𝑊𝑆𝑅4,𝑆𝑊𝐷 = 𝑑 ∧¬𝑐 ∧(𝑎∨¬𝑏).
For TD-2 from the model HW:
𝑓𝑆𝑊𝑆𝑅1,𝑆𝐹𝐼 = ¬𝑤 ∧¬𝑧 ∧(¬𝑥∨¬𝑦), 𝑓𝑆𝑊𝑆𝑅2,𝑆𝐹𝐼 = ¬𝑤 ∧𝑧 ∧¬𝑦,
𝑓𝑆𝑊𝑆𝑅3,𝑆𝐹𝐼 = 𝑤 ∧𝑧 ∧¬𝑦 ∧¬𝑥, 𝑓𝑆𝑊𝑆𝑅4,𝑆𝐹𝐼 = 𝑤 ∧¬𝑧 .
𝑓𝑆𝑊𝑆𝑅1,𝑆𝑊𝐷 = ¬𝑑 ∧¬𝑐 , 𝑓𝑆𝑊𝑆𝑅2,𝑆𝑊𝐷 = ¬𝑑 ∧𝑐 , 𝑓𝑆𝑊𝑆𝑅3,𝑆𝑊𝐷 = 𝑑 ∧𝑐 ∧(𝑎∨¬𝑏),
𝑓𝑆𝑊𝑆𝑅4,𝑆𝑊𝐷 = 𝑑 ∧¬𝑐.
Generalized Sum of Products (SOP) expression for the feature extraction involves the Boolean functions for each

combination of variables (SWS with SFI and SWD) for 5000 data points (vide 2.X). The generated SOP expression for each
set of data points is represented as follows Generalized occurrence function of w and z variables symbolizing SWS dependence
on SFI as,

𝑓𝑔𝑒𝑛𝑒𝑟𝑎𝑙𝑖𝑠𝑒𝑑 =
5000
∑
𝑗=1

[((¬𝑤𝑗 ∧¬𝑧𝑗 ∧¬𝑦𝑗)∨(¬𝑤𝑗 ∧𝑧𝑗 ∧¬𝑦𝑗)∨(𝑤𝑗 ∧𝑧𝑗 ∧¬𝑦𝑗)∨(𝑤𝑗 ∧¬𝑧𝑗))]

Generalized occurrence function of d and c variables symbolizing SWS dependence on SWD as,

𝑓𝑔𝑒𝑛𝑒𝑟𝑎𝑙𝑖𝑠𝑒𝑑 =
5000
∑
𝑗=1

[((¬𝑑𝑗 ∧¬𝑐𝑗)∨(¬𝑑𝑗 ∧𝑐𝑗)∨(𝑑𝑗 ∧𝑐𝑗 ∧(𝑎𝑗 ∨𝑏𝑗))∨(𝑑𝑗 ∧¬𝑐𝑗)∧((𝑎𝑗 ∨¬𝑏𝑗)))]

The final form of common expression for occurrence function of extracted features involving both set of variables of w,z (SWS-
SFI) and c,d (SWS-SWD) as,

𝑓𝑔𝑒𝑛𝑒𝑟𝑎𝑙𝑖𝑠𝑒𝑑 =
5000
∑
𝑗=1

⎡⎢
⎣

⎛⎜
⎝

∏
𝑖∈{𝑤,𝑧,𝑦}

(¬𝑤𝑗 ∧¬𝑧𝑗 ∧¬𝑦𝑗)∨ ∏
𝑖∈{𝑑,𝑐}

(¬𝑑𝑗 ∧𝑐𝑗)⎞⎟
⎠

⎤⎥
⎦

This captures all the combinations of the Boolean functions for each data point and aggregates these terms for all data points.
This feature extraction mechanism considers all possible inputs for SFI and SWD following the constraints and conditions
specified.

Table 3. Critical estimations of the matrices and parameters
Estimations TD-1 TD-2

R2

I

0.37 ±
0.055 II

0.503 ± 0.0002

I

0.69 ± 0.2

II

0.7125±
0.0035

RMSE (SWS) 51.39 |+9.52 ± 9.66| # 51.38 |-4.94±3.811|#
RMSE (SWD) 1.91 |+0.26 ± 0.36|# 3.33 |0.08∓0.147|#

Continued on next page
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Table 3 continued
RMSE (SFI) 9.33 |+4.32 ± 12.23|# 28.06 |+0.86∓4.325|#

SWS1 hrs.

1

III

62.51

IV

19.8±0.5016

III

36.54

IV

36.705 ∓ 0.317
5 143.9 19.805±0.535 32.2 63.66 ± 0.00
10 150.61 50.54±0.05 31.4 29.81 ± 0.00
15 152.17 69.17±0.23 31.4 29.81 ± 0.00
18 154.02 90.34±0.12 109.44 103.481 ∓ 0.19

SWD1 hrs.

1 1.98 0.302 ±0.0029 9.23 9.066 ± 0.016
5 3.82 0.308±0.0027 9.47 9.72 ± 0.00
10 3.47 0.97±0.0029 9.24 9.26 ± 0.0056
15 3.28 1.041±0.004 9.24 9.26 ± 0.0056
18 3.1 1.21±0.008 9.447 9.46 ± 0.00

SWS2 69.23 69.23± 0.00 |-19.19| |-33.1∓5.23|
SWD2 7.407 7.407± 0.00 |-3.02| |-1.8∓-1.4|
Overall models estimated I: excluding, II: including HW and ARIMA, # : deviation from overall models, 1after- flare, estimated on III: actual data, IV: HW
and ARIMA forecasted data, 2before- flare

Fig 3. 3-D visualization of feature extraction (upper half): occurrence of w,z frequencies (Z-axis) for combinations of SFI (X-axis)
(Viridis colour map- left) occurrence of d,c frequencies (Z-axis) (Plasma colour map-right) and of SWD (Y-axis) across Method Index
(X-axis). 3-D visualization ofprediction Random Forest Model (lower half): predictions of w,z asWeighting Zone (Viridis colour map-
left) and of d,c as Decision Criteria (Plasma colour map-right) based on SFI and SWD. Colour intensity represents frequency and
normalized prediction values

In the earlier studies, various findings in context to the solar wind speed are observed. Out of those few relevant observations
are discussed in context to the present work. The study carried out by Upendran et al. (12) in 2020 using spectral data, a best
fit correlation of 0.55±0.03 with the observed data was achieved. Although the high value of activation function was achieved
at the coronal holes but that was applicable to both the high and low speed winds that leads to a certain uncertainty at the
time of interpretation. Another interesting forecasting scheme was predicted by Raju et al. (13) in 2021, where the SWSs with
an RMSE (kms−1) of 76.3±1.87 and an overall correlation coefficient of 0.57±0.02 by processing the solar dataset over the
year 2018 were shown. That scheme significantly outperformed the contemporary benchmark models. A critical analysis was
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implemented by Camporeale et al. (14) in 2015 by applying Gaussian classifier and had showed amedian accuracy of greater than
of 90% over all the categories of wind speed. Even using a small set of data for training that schemewas able to classify the events
as undecided and also found the solar wind baselines. In the work of Li et al. (15) in 2020 using the KNN classifiermodel obtained
the highest overall classification accuracy of 92.8%. Although the correlation coefficients are estimated by considering all the
models in this work which are falling apart from the previous studies but the coefficient for selected models are interestingly
matching with them, especially for TD-2. At the incidence of X-class solar flare radiation intensity was captured at the L1-
Lagrangian point by the instrument AIA-131Å of the SDO (ESA) and the simultaneous SWD value were 509.849 kms-1and
336.96 kms-1forTD-1 and 2 respectively. The radiation takes the time to reach the point (1.5×1011meter distant from the Sun)
is about 8.33 minutes, as it is traversed by the speed of light (2.99×108ms-1). The SW consists of the sea of protons and other
elementary particles and having finite masses. So if there would be any backward extrapolation of the velocity of the solar wind
from the values as received at the Lagrangian point, then the time taken by the wind to reach the point would be unexpectedly
large. Therefore, it is evident that there should be a certain delay in the wind particles w.r.t the radiation intensity to reach that
point. Interestingly as per the literatures, the delay in solar wind particles to reach the 1 AU distance from the solar corona
does not cross a specific limit of approximately 4.34 days at the speed of 400 kms-1and for the 60º of solar rotation (24). In this
respect, solar wind velocity may be considered to be entangled with the propagation velocity (in phase) of the magnetic field of
the interplanetary space as generated from CMEs in connection to the solar flares along with the consideration of the magnetic
field switch-backing phenomenon as a limiting factor as suggested by the earlier studies (16,25,26). Although from the actual data,
it is observed (vide Table 3) that there is a tendency of increase in the value of solar wind speed especially after the completion
phase of the solar flare but this is not sufficient proof to recommend that the solar wind velocity may act as an indicator to the
perturbation happened. Hence different prediction methodologies for this problem are adopted and most optimal of them are
selected from which it is clearly found (vide Table 3) that there is a certain enhancement in the SWS for a sustainable period.
That point towards a definite relationship between intensity and wind density variation at the Lagrangian point. The frequency
plot in Figure 3 provides a detailed visualization of the relationship between SWS, SWD, and SFI, illustrating their complex,
nonlinear interaction. This 3-D scatter plot uses the X-axis to represent combinations of SFI values, the Y-axis to represent
the Method Index and the Z-axis to depict the frequency of occurrences. With dense clustering of data points, it’s indicating
a significant interaction between these parameters during the flare events. The prediction plot in Figure 3 further refines this
view by showing the predicted occurrences of SWS and SWD based on given values of SFI and SWD. Predictions are scaled
between 0 and 100. Statistical analysis of {|(𝑤,𝑧) ,𝑧 ∈ {0,1}} and {|(𝑐,𝑑) ,𝑑 ∈ {0,1}} for the frequency of occurrences shows
that mean, median, mode and standard deviation as 49.90∓0.26, 49.5∓0.5, 31.5∓1.5 and 28.45∓0.05 respectively. Random
Forest Model shows R2-score for the prediction of w,z and d,c as 0.8514∓0.0012. Prediction accuracy metrics for w,z and d,c
come asMAE:9.38±0.01 and RMSE:11.085±0.035 respectively.The plot reveals that SWS and SWDdo not follow simple linear
patterns but instead exhibit variable behavior influenced by SFI. The clustering of points suggests that SWS is more responsive
to SFI fluctuations, particularly during high-energy flare events. The w,z plot, representing SWS prediction, reveals that SWS
is a reliable and dynamic indicator of SFI, with high values corresponding to stronger flare events. The d,c plot, suggests that
SWD also responds to SFI but to a lesser degree. The statistical analysis confirms these findings, showing a balanced frequency
distribution with a moderate variability for SWS’s relationship with both SFI and SWD. The Random Forest model, with high
predictive accuracy (R2=0.8514) further supports the significant role of SWS as a reliable predictor of solar flare events.

Figure 4 shows the full day variation of Dst and K𝑝 indices with the SFI and SWS values estimated from all three
data sets. From the figure it is noted that 𝑅2

𝐷𝑠𝑡,𝑆𝐹𝐼− 𝐾𝑝,𝑆𝐹𝐼=0.0128 on TD1 and |-0.0465| on TD2. Therefore Dst is
more correlated with SF than K𝑝 on TD-1 and the opposite is noted on TD-2. Correlations between the Dst-SFI and SWS
(𝑅2

𝐷𝑠𝑡,𝑆𝐹𝐼− 𝐷𝑠𝑡,𝑆𝑊𝑆=0.012: TD-1 and 0.3312: TD-2) is noted higher for TD-2. The ease of geomagnetic storm estimation
can be done through values of Dst and to some extent by the K𝑝 index. Thus observations of unsettled field during the passage
of the giant X- class at 18.5 UT on TD-1 at 1.22 UT on TD-2 are expected. Here the maximum increase in K𝑝 value is observed
during 15-20 UT for TD-1 and 12.10-15.10 UT for TD-2. Noticeable observation for the ring current in this regard is obtained
during 10-20 hrs. on TD-1 and 2-3 hrs. on TD-2, where 18 nT on TD-1 (with zero crossing) and |-412| nT on TD-2 (no zero
crossing) change inDst value is observed. Although the period of disturbances in lower ionospheric ring current is in agreement
with the time of enhanced SWS value on and after the passage of X class-flare for TD-1 but on TD-2 some delay (transient state
response: ~0.78 hr. and steady state response: ~1.28 hr.) is observed between the time of peak of the X-class flare and the
maximum value of ring current.
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Fig 4. Whole day variation of K𝑝 and Dst indices (left handed ordinate) w.r.t solar flare intensity (upper: TD-1and lower: TD-2 right
panel in right handed ordinate) and solar wind speed (upper: TD-1 and lower: TD-2 left panel in right handed ordinate) for actual, HW
and ARIMA predicted data

5 Conclusions
By generating 5000 random Boolean expressions based on extracted features, the study creates a diverse dataset that reflects
a wide range of potential scenarios. Therefore systematic to explore the parameter space and identify critical patterns in the
data. The 3-D scatter plots highlight the density and clustering of specific parameter combinations. By applying the Random
Forest method to predict the combinations of variable based on this dataset, the study demonstrates the model’s ability to
uncover nonlinear relationships and provide reliable predictions. Random Forest, with its ensemble learning approach, ensures
robust and accurate predictions even in the presence of noise and complex interactions become significant for this analysis.The
funnel like structure of prediction starting from the fundamental regressionmodels to advancedmachine learningmodels with
the introduction of newly designed binary prediction model along with the built-in-physics makes this analysis a model one.
Although this analysis was carried out for two flares of X-class intensity approximately at five month intervals one in winter
(evening dust) and another in the monsoonal season (night time) yields valuable extracted features when considered together.
Again it is noteworthy to mention that this study shows few significant validations and anomalies in the flare characteristics
between winter time and monsoonal occurrences. There would be a more accurate prediction of the speed variation if the
analysis by the inclusion of large number flares and CMEs with several categories for a long period and distributed on seasonal
and geo-spatial basis is carried out.
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