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Abstract- The objective of this article is to study the 
geomagnetic index Kpa with a view to modelling its 
evolution over a long period and predicting its daily 
values. The Kpa index is a key indicator for assessing 
geomagnetic disturbances that seriously affect modern 
technological infrastructures such as GPS systems, 
communication networks, satellites, power grids and 
human activities. Predicting geomagnetic activity is 
extremely important for taking the necessary precautions 
during intense geomagnetic events. In this article, we 
imported and analyzed daily Kpa index data collected over 
60 years from a specialized database. We used artificial 
intelligence techniques, in particular ARIMA model and 
combined Random Forest and ARIMA model, to model 
and predict Kpa index variations. The first part of our study 
consists of using an ARIMA model in order to model the 
evolution of the Kp index, which reveals non-linear 
characteristics and complex interactions at different time 
scales. In the second part, to overcome the limitations of 
the ARIMA model, we introduce an adjustment by a 
Random Forest model, a robust machine learning 
technique that captures non-linear relationships in the data. 
Before implementing Random Forest, we apply a Hilbert 
transformation to time series in order to extract additional 
temporal and frequency characteristics, which improves 
the representation of the data and the predictive ability. 
The significant results obtained will contribute to better 
anticipation of geomagnetic disturbances and protection of 
critical infrastructures. 
 
Keywords: Geomagnetic Index, Kpa Index, Prediction, 
Artificial Intelligence, ARIMA, Random Forest, Extreme 
Events, Hilbert. 
 

1. INTRODUCTION                                                                         
The Kp geomagnetic index is a key measure of the 

Earth's geomagnetic activity, used to evaluate disturbances 
as a result of wind interactions with the terrestrial magnetic 
field. It was introduced in 1939 by Julius Bartels and is 
based on observations made by magnetometers located in 
several stations distributed geographically around the 
globe [1]. This index quantifies the intensity of 
geomagnetic storms on a scale from 0 to 9, where 0 

represents very calm conditions and 9 extreme 
geomagnetic storms [2, 3]. The Kp index is based on 
measurements of variations in the Earth's magnetic field 
that are registered every three hours. These variations are 
expressed as a function of the amplitude of disturbances in 
two main components: the horizontal component (north-
south) and the vertical component (east-west). In this way, 
the Kpa index integrates global observations to provide a 
general indicator of the intensity of geomagnetic activity 
in the Earth's atmosphere [4]. 

The dependences on the Kpa index are many and varied, 
covering scientific and technical fields that are sensitive to 
space conditions. For space weather forecasting and 
infrastructure protection, the Kpa index plays a very 
important role in predicting solar activity and geomagnetic 
storms. These events, often linked to coronal mass 
ejections (CMEs) or solar flares, have a significant impact 
on the Earth's technological infrastructures. A major 
geomagnetic storm can generate induced geomagnetic 
currents (GICs) in power grids, leading to serious 
disruption and even blackouts [5]. 

Power companies and communication network 
operators therefore depend on indexes such as Kp to 
monitor the risks of surcharges and protect their critical 
systems. In addition, in polar zones, induced currents can 
also affect pipelines, accelerating their corrosion [6]. 
Positioning System) systems, are strongly affected by 
geomagnetic activity. During periods of strong solar 
storms, the Earth's ionosphere becomes disrupted, creating 
irregularities in the propagation of GPS signals. This 
results in positioning errors, affecting sectors that rely on 
precise geolocation, such as aviation, military operations 
and maritime navigation [7-9]. The Kpa index therefore 
serves as a predictive indicator enabling operators of these 
systems to take preventive measures to mitigate 
positioning errors during periods of high geomagnetic 
activity [10]. 

The Kpa index is commonly used to predict and observe 
the polar aurora. Solar wind charged particles can enter 
into interactions with the Earth's atmosphere, creating 
disturbances in the magnetosphere. These interactions can 
also generate polar aurorae, which are visible around the 
Earth's magnetic poles during days of intense geomagnetic 
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activity. The Kpa index can therefore be used to predict the 
conditions that are favorable for the appearance of auroras, 
which is invaluable not only for scientists but also for 
astronomy enthusiasts and tourists. The Kpa index is also 
used to assess the risks associated with increased exposure 
to radiation during high-altitude commercial flights, 
particularly in the polar regions. During periods of high 
geomagnetic activity, more ionizing radiation can enter the 
Earth's atmosphere, affecting long-haul flights and 
astronauts in orbit [11]. In this context, space agencies and 
airlines monitor the Kpa to adjust routes and protect crew 
and equipment [12]. 

The geomagnetic Kpa index is an indispensable tool for 
understanding and managing the complex interactions 
between the Sun and the Earth. From the study of auroras 
to the protection of critical infrastructures and navigation 
systems, this index plays a vital role in preventing the risks 
associated with geomagnetic disturbances. The Kpa index 
predictions are essential for assessing risk of geomagnetic 
storms affecting vulnerable technologies such as satellites, 
navigation and communication systems based on radio 
signals, and space communications. Its importance in 
space surveillance is undeniable, it is a key parameter in 
space weather, where it helps monitoring solar wind 
interactions with the Earth's magnetosphere, and space 
weather research will continue to refine its use to better 
protect our future technologies and infrastructures [13]. 

Previous studies have revealed significant correlations 
between the Kp index and the different phases of each solar 
cycle [14]. The combination of the ARIMA and Random 
Forest models for predicting the Kp geomagnetic index 
offers a unique approach compared with other domains 
such as finance or human activity. ARIMA is good at 
capturing linear trends and seasonality, which are 
fundamental to the prediction of recurring geomagnetic 
phenomena, while Random Forest is better at detecting 
sudden, non-linear variations, which are characteristic of 
disturbances resulting from geomagnetic events. 
Combined, these models improve prediction accuracy by 
minimizing errors, adjusting to complex variability and 
exploiting larger volumes of data, which makes this 
approach especially useful for geomagnetic phenomena. 

Incorporating the Hilbert transform into the modelling 
of geomagnetic disturbances with the ARIMA and 
Random Forest models offers significant advantages 
compared to applying them without pre-processing. The 
Hilbert transform extracts important information about the 
instantaneous phase and amplitude of the signals, which 
makes the models more able to capture non-linear and non-
stationary signals, typical of variations in the Kpa index. It 
also helps to better detect abrupt changes and reduce noise 
in the data, which improves the global accuracy of 
predictions by enabling ARIMA to better capture long-
term trends and Random Forest to better model complex 
relationships. We have tested multiple combined models, 
such as LSTM, KNN, RNN, Boost, etc., to predict Kp 
index over time, and evaluated their accuracy using 
metrics. We found that the hybrid model incorporating the 
Hilbert transform, Random Forest and ARIMA performed 
best, offering greater accuracy in capturing linear and non-

linear trends in the Kpa index. In this contribution we will 
mathematically model the Kpa index based on data 
provided by a GFZ Potsdam, and we will study these 
variations in order to establish an empirical model, with 
the aim of understanding how this physical parameter 
varies on the one hand and predicting future values on the 
other. 

In the Materials and methods section, we will describe 
the computer tools and mathematical equations that we 
used to process our data, as well as the metrics for 
evaluating the performance of the chosen models. In the 
Results and Discussion section, we will present the results 
we found and analyses, discuss and interpret them. At the 
end, we will conclude and give perspectives of our work. 

 
2. MATERIALS AND METHODS 

 We used data from GFZ Potsdam [15]. These data 
have enabled us to process Kpa data from 1964 to 2024. 

The Kpa values are measured with a time step of 3 
hours, giving 8 values per day. To predict the Kp index for 
each day, we will take the maximum value measured 
during each day. To achieve our objective, we will use the 
Python language, which allows us to test different models 
adapted to our problem.  We have tested several methods 
for analyzing the data and predicting future Kp values. 
These include LSTM, Boost, RNN, KNN, linear 
regression, logarithmic regression, etc., but the best results 
were obtained using the ARIMA and Random Forest 
models combined with the Hilbert transformation. 

ARIMA (Autoregressive Integrated Moving Average) 
is an artificial intelligence and statistical modelling 
method developed for studying and forecasting time series 
(TM).  This model is composed on 3 key elements 
combined in a structured way to analyze and predict TM 
[16, 17]: 
- Autoregression (AR) 
- Integration (I) 
- Moving Average (MA) 

ARIMA is widely used in various scientific and 
industrial fields to model time series, such as geomagnetic 
indexes like Kp [18]. Autoregression (AR) is an approach 
founded on an idea where the predicted future values are 
dependent on their past values. The AR(p) model predicts 
every value by using a linear combination of the time 
series historical (past) data. The Equation (1) expresses the 
values prediction by this autoregressive method [19]: 

1

p

t i t i t
i

X c Xϕ ε−
=

= + +∑  (1) 

where, tX  is data at instant t, c is correction coefficient, 

iϕ  is autoregression coefficient, and tε  is the random error 
or white noise. 

Integration (I) in ARIMA is used to make a time series 
stationary. When the statistical parameters (mean, 
variance) of a time series remain constant over time, it is 
considered to be stationary. The ARIMA model includes 
an integration process of order d, which consists of 
differentiating the data several times to make the series 
stationary. The Equation (2) describes the differentiation 
operation [16]: 
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1t t tY X X −= −  (2) 
In the case of a non-stationary time series, the model 

can be differentiated d times to make it stationary. The 
moving average (MA) model considers past error in future 
prediction. The MA (q) model depends on past errors 
(white noise) and predicts values based on residuals based 
on Equation (3) [19]: 

 
1

q

t i t i t
i

X µ θ ε ε−
=

= + +∑   (3) 

where, µ is mean of the series, and iθ  is moving average 
coefficients. 

The described ARIMA(p, d, q) model combines the 
three main component parts: the AR(p) representing the 
autoregressive part, I(d) corresponding to the integration 
(differentiation) component and the MA(q) for the moving 
average part [17]. As expressed in Equation (4), the model 
can effectively represent the temporal dependencies in the 
time series data [16, 19]: 

1 1

q p

t t i t i i t i
i i

X c Xε θ ε ϕ− −
= =

= + + +∑ ∑    (4) 

The ARIMA requires three parameters to be specified: 
- p: number of AR terms 
- q: number of terms MA 
ARIMA modelling involves three steps: 
- Identifying stationarity: The first step is to verify the 
condition of time series stationarity. If that is not true, we 
then proceed to differentiation. 
- Parameter selection: Select orders p, d and q by 
employing statistical factor like the Akaike Information 
Criterion (AIC) [20]. 
- Parameter estimation: The model estimates the AR and 
MA coefficients using methods such as maximum 
likelihood. 
- Model validation: Verification of the residuals (the 
prediction errors) to ensure that they approximate white 
noise, which means a good fit of the model. 
- Prediction: Once the model has been fitted, it can be used 
to predict future values in the time series. 

In the context of the Kpa index, the ARIMA model can 
be applied for predicting the future variation of this 
geomagnetic index, which is essential for various 
applications. The Hilbert transform is used to transform a 
real signal into a complex analytical signal, making it 
easier to analyze characteristics such as instantaneous 
amplitude and frequency. The Equation (5) expresses the 
analytical signal ˆ ( )ax t  [21]: 

)ˆ ( ) (ˆ) (a tx tx jxt = +   (5) 
where, x(t) represents the real part of the input signal and 
Hilbert transform is represented by ˆ( )x t  [22]. 
The original signal is decomposed in three steps: 
- The Fourier Transform: This stage consists of 
transforming the time signal x(t) into the frequency range 
using the Discrete Fourier Transform (DFT), often 
calculated digitally in accordance with the Fast Fourier 
Transform (FFT) which transforms a temporal signal to a 
frequential signal based on Equation (6) [23]: 

1
.2 . /

0
( ) [ ( )] ( ).

N
j f k N

k
X f FFT x t x k e π

−
−

=
= = ∑  (6) 

where, N is the signal length, ( )x k is the time signal at 

index k, and .2 . /j f k Ne π−  is the complex exponential 
element that decomposes the signal into which 
decomposes the signal into a sinusoidal sum. 
- Frequency filtering: The aim is to create an analytical 
signal (no negative components). This step removes the 
negative frequencies, while they are multiplied twice in the 
case of positive frequencies based on Equation (7) [21]: 

2 ( ) , 0< <           
2

( ) ( ) , 0 and   
2

0 ,              
2

NX f f

NH f X f f f

N f N




= = =



< <

  (7) 

- Inverse Fast Fourier Transform (IFFT): The Equation (8) 
represents the inverse Fourier transform (IFFT) which re-
converts the filtered spectrum back into a temporal signal. 
It recreates the signal in the temporal domain, by merging 
the transformed frequencies in the previous steps. This 
transform is used to find the Hilbert transform ˆ( )x t of the 
initial signal ( )x t  as shown in Equation (8) [24]: 

1

0
]ˆ 1 2 /( ) [ ( ) ( ).

N

f

j ft Nx t IFFT H f H f e
N

π−

=
= = ∑  (8) 

To summaries this approach, the Hilbert transform 
consists of converting a signal to frequency domain, 
eliminating negative frequencies and then returning to the 
time domain. This process creates an analytical signal that 
reveals the instantaneous amplitude and phase, which is 
advantageous for studying complex signals such as the 
evolution of geomagnetic activity and, in particular, the Kp 
index.    

To evaluate the model’s performance, we will need the 
metrics such as r, MAE, R², RMSE and MBE  
[25, 26]. The Pearson correlation coefficient r is the 
correlation used to measure the linear relationship over 
time that exists between two variables. The formula used 
to calculate the correlation coefficient between the meX  
and prX series is expressed by Equation (9) [27]: 

( )( )

( )² ( )²

N

pr pr me me
i

N N

pr pr me me
i i

X i X X i X

X i X X i X

ρ
− −

=
 

− × − 
 

∑

∑ ∑
 (9) 

where, meX i  are measured values, prX i  are predicted 

values, meX  is the mean of measured values, prX  is the 
mean value of predicted values, and N is the points data 
number. 
• Determination coefficient (R²): The determination 
coefficient (R²) calculates the fraction of variance 
represented a given by model. It is obtained by comparing 
the sum of the residual squares to the sum of the total 
squares as described in Equation (10) [28, 29]: 
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( )²
² 1

( )²
me pr

me

X i X i
R

X i Xi
−

= −
−

∑
∑

 (10) 

where, meX i  is measured value, prX i  is predicted value, 

and Xi  is the measured values average. 
• MAE: The average absolute error of predicted and 
observed values is measured using MAE metric with the 
Equation (11) [29]: 

1
me prMAE X i X i

N
 = × − 
 

∑   (11) 

• RMSE: This metric is determined by calculating the 
square root of MAE and indicates the residuals dispersion. 
The formula (12) show how calculate this indicator [29]: 

( )1 ²me prRMSE X i X i
N

  = × −    
∑  (12) 

• MBE: measures the average bias between measured and 
predicted values. It is calculated as shown in formula (13) 
below [29]: 

( )1
me prMBE X i X i

N
 = × − 
 

∑  (13) 

To develop our work, we implemented an algorithm in 
Python according to the following instructions: 
- Import the Kpa data from the Excel file; 
- Plot the distribution of the values given by the imported 
Kpa index; 
- Test several learning methods and rank them according 
to the correlation coefficient; 
- Testing, evaluating and choosing the best parameters; 
- Give the correct mathematical equation for each method; 
- Plot the evolution of the predicted and measured Kpa 
values over time on the same graph; 
- Perform a total statistical analysis and comparing of the 
predicted to measured values for each of the last five solar 
cycles; 
- After validating certain criteria, the algorithm predicts the 
Kpa index for the year 2024; 
- Perform the Hilbert decomposition  
- Adjust the predictions using the combined Random 
Forest and ARIMA model; 
- Calculate statistical metrics. 

The algorithm used for testing and selecting the best 
parameters for ARIMA is described in the flowchart on 
Figure 1. 
 

3. RESULTS AND DISCUSSIONS 
As we mentioned already, our objective in this article 

is divided into two main areas: the first is to model the 
evolution of the Kp index mathematically, and the second 
is to predict the future values of this index. Before using 
the (p, d, q) parameters of ARIMA, we created an 
algorithm that automatically searches for the combination 
of parameters that gives the best determination coefficient 
found (Figure 1). After executing the loop, we have found 
that the best combination is (6, 0, 1). We first studied the 
distribution of the Kpa index according to frequency of 
occurrence. The following graph shows the distribution of 
measured Kp values. 
 

 
 

Figure 1. Flowchart of loops implemented to find the best combination 
of ARIMA parameters (p, q, d)  
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Figure 2. Distribution of measured Kpa index values 
 

Table 1. Numerical distribution of Kpa values 
 

Kp interval Percentage (%) 
0.0 - 1.0 5.75 
1.0 - 2.0 17.77 
2.0 - 3.0 27.25 
3.0 - 4.0 24.23 
4.0 - 5.0 14.72 
5.0 - 6.0 6.69 
6.0 - 7.0 2.34 
7.0 - 8.0 0.90 
8.0 - 9.0 0.35 

 
The Table 1 shows the percentage of Kpa index values 

classified according to ranges with a scale of 1. Analysis 
of the graph above and table 1 shows that the distribution 
of Kpa values is centered on a range of 1-5. Previous studies 
have shown that extreme events accompanied by intense 
geomagnetic disturbances are observed on days when the 
Kpa index is greater than or equal to 7 [7]. We find that in 
the database we have 392 active days from 1/10/1964 to 
31/08/2024. The algorithm implemented according to the 
ARIMA model obtained gives Equation (14): 

6

1
( ) 1.9171 ( )iKp t a Kp t i= + × −∑  (14) 

where, i=1, 2, 3, 4, 5 and 6.  
The coefficients as a function of the Kpa values over the 

past 6 days are given in Table 2. After plotting the curve 
obtained by a numerical application of the Equation (14), 
we found that there was a time difference of one day in 
relation to the measured data. 
 

Table 2. ARIMA Coefficients 
 

i Coefficients αi 
1 0.85623 
2 −0.33274 
3 0.05366 
4 −0.01726 
5 0.01566 
6 −0.00520 

 
To reduce this difference, we chose to make the 

following adjustment: after calculation using Equation 
(14), we will replace the values by 1( ) ( )p i p iK t K t += , 

1 2( ) ( )p i p iK t K t+ += . Table 3 summarizes the values of the 
statistical metrics obtained by comparing the measured 
values of the Kpa index with those predicted during the last 
5 cycles and the current cycle. 

Table 3. Metrics between measured and calculated values 
 

Indicators Values 
r 0.94 

R² 0.71 
MAE 0.78 
MBE 0.51 

 
The Table 4 gives the values of the statistical metrics 

comparing the values of the Kpa index measured and those 
calculated by the mathematical model for each solar cycle 
(20th, 21st, 22nd, 23rd, 24th and 25th cycle). 
 

Table 3. Statistical indicators by solar cycle 
 

Solar cycle r R² MAE RMSE MBE 
20 0.93 0.72 0.62 0.74 0.47 
21 0.93 0.79 0.53 0.64 0.31 
22 0.94 0.77 0.57 0.69 0.36 
23 0.94 0.70 0.68 0.81 0.54 
24 0.93 0.50 0.84 0.95 0.78 
25 0.93 0.55 0.78 0.88 0.71 
 

Analysis of Table 4 shows a significant correlation for 
the predicted Kpa values calculated by the mathematical 
equation based on the ARIMA method using the historical 
data compared with those measured. The following figures 
show the values calculated by the ARIMA model 
compared with the measured values. 

 

 
 

Figure 3. Comparison of predicted values Kpa(pred) by the ARIMA 
model and measured values Kpa(meas) over the last 5 solar cycles 

 

 
 

Figure 4. Comparison of Kpa(meas) and Kpa(pred) by the ARIMA model 
during the 20th solar cycle 
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Figure 5. Comparison of Kpa(meas) and Kpa(pred) by the ARIMA model 
during the 21st solar cycle 

 

 
 

Figure 6. Comparison of Kpa(meas) and Kpa(pred) by the ARIMA model 
during the 22nd solar cycle 

 

 
 

Figure 7. Comparison of Kpa(meas) and Kpa(pred) by the ARIMA model 
during the 23rd solar cycle 

 

 
 

Figure 8. Comparison of Kpa(meas) and Kpa(pred) by the ARIMA model 
during the 24th solar cycle 

 
 

Figure 9. Comparison of Kpa(meas) and Kpa(pred) by the ARIMA model 
during the 25th solar cycle 

 
As already explained, to reduce the difference between 

the predicted and the measured values, we used an 
ARIMA-adjusted Random Forest model. This combined 
approach to predict the Kpa index with a daily time step is 
to first process the measured data by Hilbert Transform to 
extract information about the instantaneous amplitude and 
phase. This allows the capturing the fine details of the 
signal dynamics that would be ignored otherwise. This 
transform generates a complex analytical signal defined by 
Equation (5). The Random Forest model is then 
implemented to train predictions on this transformed data. 
The Random Forest, composed of multiple decision trees, 
models the complex non-linear relations between 
historical Kpa values and future values. We used Grid 
Search to optimise the random forest model's 
hyperparameters. The adjusted hyperparameters include 
n_estimators (number of trees), max_depth (maximum 
tree depth), and min_samples_split and min_samples_leaf 
to ensure robustness [30].   

The Random Forest model contains 200 trees 
(n_estimators=200) with a maximum depth of 12 
(max_depth=12), limiting the complexity of the trees to 
avoid overfitting. The parameters (min_samples_leaf=3) 
and (min_samples_split=10) ensure that each leaf contains 
enough samples, reinforcing generalisation. The model 
uses bootstrap sampling with 80% of the data 
(max_samples=0.8) to reduce variance. Cross-validation is 
used to evaluate performance and avoid overfitting, 
ensuring a good compromise between accuracy and 
computational cost.   

The final prediction of the Random Forest is calculated 
by the average of results from all the trees. However, as 
Random Forest may omit some linear trends underlying 
the Kpa index, we apply the Equation (14) given by 
ARIMA model to adjust these predictions. 

Before running the values through the training of the 
Random Forest model, we will use a Hilbert 
transformation of the Scipy library in Python (open-source 
software). The Hilbert decomposition separates the 
geomagnetic signal into two components: a sinusoidal part 
and a fluctuating part. Using a Random Forest model, these 
two components are integrated as distinct variables, 
allowing the model to better capture the non-linear 
dynamics and fluctuations of the geomagnetic Kpa index. 
This approach improves the prediction accuracy by 
considering the complex variations and irregular behavior 
of the Kpa signal. Figure 10 shows results of transformation. 
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Figure 10. Hilbert transform of the Kpa signal 
 

The model is validated using 2023 data as test data. 
After training on data from 1965 to 2022, performance is 
evaluated on the new data. The model is validated based 
on test data from 2023. Two main metrics, MSE and R², 
are calculated to measure the quality of predictions during 
the training and test stages. This method makes it possible 
to objectively evaluate the model's ability to generalize and 
generate accurate predictions on data which the model has 
not seen previously, so ensuring robustness and reliability 
for future forecasts. The signal results are trained with the 
combined Random Forest model imposed by the Hilbert 
transformation. The training results are evaluated on days 
in 2023. Figure 11 compares the measured and predicted 
values of the Kpa index during 2023. 

 

 
 

Figure 11. Comparison of measured and predicted Kpa during 2023 
 
We used the performance metrics to assess the quality 

of our model's predictions for the year 2023. The results 
are MSE = 0.14 and R2 = 0.96. 

The MSE shows a small margin of error between the 
predicted and measured values. The determination 
coefficient R² shows that the combined model predicts the 
Kpa values with a considerable accuracy. The combined 
model is used to predict Kpa index values from 01/01/2024 
to 31/03/2025. The following figure shows the prediction 
results of the combined model. 

We can see that the predicted results from the ARIMA 
tests produce a different equation to those found 
previously.  To solve this problem, we opted to adjust the 
predicted values using equation 14, in order to ensure that 
the predicted values have the same mathematical evolution 

as the historical data. The following figure compares 
predicted values generated using the Random Forest 
model and those predicted and adjusted by the ARIMA 
Random Forest model with the real Kpa index. The metrics 
on the Kpa index values for 9 months in 2024 give values 
shown in Table 5. 
 

 
 

Figure 12. Kpa predictions from September 2024 to March 2025 by 
Random Forest model 

 

 
 

Figure 13. Comparison of Kpa index predicted by Random Forest model 
and Kpa predicted by Random Forest adjusted by ARIMA model 

 
Table 4. metrics comparing Kpa index measured and predicted values for 

different periods 
 

 Time Period ρ (%) R² (%) RMSE MBE 

Months 

9 82.18 62.39 0.92 0.08 
8 94.10 88.21 0.51 0.05 
7 93.71 87.36 0.52 0.06 
6 93.65 87.27 0.53 0.06 
5 93.12 86.13 0.56 0.07 
4 90.21 80.57 0.55 0.07 
3 93.25 86.49 0.45 0.05 
2 92.06 84.73 0.34 -0.01 
1 96.84 90.39 0.24 -0.11 

Weeks 
3 96.65 91.84 0.24 -0.06 
2 97.07 92.66 0.26 -0.03 
1 98.01 93.63 0.30 0.03 

Days 

6 97.24 88.97 0.32 0.00 
5 96.96 89.78 0.22 -0.12 
4 94.23 80.77 0.24 -0.14 
3 99.62 77.71 0.26 -0.25 
2 100 88.69 0.22 -0.22 

 
Comparing the values predicted directly by Random 

Forest and those predicted by Random Forest adjusted by 
ARIMA, we can see that this last model gives more and 
more significant predictions by reducing the prediction 
interval. 
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4. CONCLUSION AND PERSPECTIVES 
In this paper we have highlighted our interest in the 

study and prediction of the Kpa geomagnetic index in 
various fields. Detailed analysis of the data collected from 
the GFZ Potsdam databases has allowed us to understand 
how this index evolves. We found that the Kpa index 
fluctuates significantly over time. We also focused on the 
most active days during which the Kpa index measured is 
greater than or equal to 7, when extreme geomagnetic 
events such as geomagnetic storms and the aurora borealis 
occur, leading directly to the malfunction or degraded 
performance of vulnerable technologies. 

Analyzing the data manually or using conventional 
tools was still insufficient to model and predict the 
behavior of geomagnetic activity measured by 
geomagnetic indices such as Kpa. To help solve this 
problem, we used artificial intelligence in two ways: We 
did mathematical modelling of the evolution of the Kpa 
index, which gave us a good correlation up to 94% 
between historical Kpa values and those calculated by the 
equation given by ARIMA. In the second approach, we 
used a model that combines ARIMA and Random Forest 
after making the Hilbert decomposition. Using this 
approach, we were able to make progressively more 
accurate predictions by reducing the prediction interval. 
These results give us a prediction of highly geomagnetic 
active days (Kp≥7) to take the necessary preventive 
measures.  

Our Hybrid Arima-Random Forest Model using 
Hilbert Transform enables the Kpa index to be accurately 
predicted several weeks in advance and updated daily. This 
method is fundamental to forecasting intense geomagnetic 
events, providing proactive protection for critical 
infrastructure and vulnerable industries, such as power 
grids, navigation systems (GPS) and satellite 
communication systems. With real-time adjustments, this 
model will make it possible to better manage the risks 
associated with geomagnetic disturbances, improving the 
impact to systems in the face of geomagnetic storms and 
other extreme events. 

In the perspectives of this work, we will develop other 
machine learning and prediction models in order to 
establish a mathematical model that will make it possible 
to predict the values of the Kp index over a long period.  
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NOMENCLATURES 

1. Acronyms  
ANN Artificial Neural Network 
ARIMA Autoregressive Integrated Moving Average 
DFT Discrete Fourier Transform 
FFT Fast Fourier Transform 
IFFT Inverse Fast Fourier Transform 

KNN Neighbor’s Network 
LSTM Long-Short Time Memory 
RNN Recurrent Neural Network 
TM Time series 
VGAD Very geomagnetic active days 
Kpa Planetary geomagnetic index 
 
2. Symbols / Parameters 
N: Total number of the measurements in the dataset 
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