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Abstract 

A method for modeling and analyzing natural time series based on a combination of cognitive 
decision rules with the Kolmogorov-Arnold neural network (KAN) is proposed. The problem of 
approximating the data time changes of the galactic cosmic ray flux variations is considered. 
Anomalous changes in the galactic cosmic ray flux indicate disturbances in the near-Earth space and 
are an important factor in space weather. The non-stationary structure of data of the cosmic ray flux 
variations, limited data samples, and a high proportion of incomplete a priori knowledge reduce the 
efficiency of existing data analysis methods, including the latest developments in machine learning 
and artificial intelligence. The cognitive rules developed by the authors are based on the synthesis 
of risk theory elements with adaptive threshold wavelet estimates. They allow suppressing 
interference (including correlated interference) and detecting an information signal at the rate of data 
receipt by the processing system. The obtained estimates showed that the combination of cognitive 
rules with the KAN neural network makes it possible to improve the qualitative characteristics of 
the KAN network. Application of the method allowed us to obtain an adequate model of the data 
time changes of cosmic ray variations (the MSE model values of  the best network NN8_filt  is 
0.84633 and errors are white Gaussian noise), giving a forecast with a lead step of 10 counts. The 
example of the event on May 10, 2024 shows the prospects of using the developed method for the 
task of describing anomalous changes in the rate of cosmic ray arrival to the Earth based on the data 
from high-latitude neutron monitors. The efficiency and accuracy of the method were also confirmed 
by the estimates of the deviations in the L2 norm of the true (observed) values from the values 
obtained by the network (with the use of cognitive rules EL2 = 2.0136, without cognitive rules 
EL2 = 3.8538). 
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Introduction 

Development of the methods for modeling and analyzing natural time series is important for a wide range of theoretical 
studies, as well as practical problems related to the study of natural processes and phenomena. Examples of such studies are 
the study of the properties of living organisms, populations, communities, ecosystem monitoring, etc. Of particular 
importance are the studies aimed at creating methods and tools for detecting catastrophic natural phenomena, such as 
earthquakes, tsunamis, extreme geomagnetic storms, etc. Important quality criteria for such tools are efficiency and accuracy. 

Taking into account the specifics of natural data (significant non-stationarity, presence of correlated interference, high 
proportion of lack of a priori information, limited data sets, etc.), to solve the problems in this field, scientists actively 
use and develop methods of machine learning, artificial intelligence and digital signal processing aimed at reducing the 
noise level and amplifying information signals [1 – 8]. For example, the work [4] presents a modified multicomponent 
model of the time series of ionospheric parameters based on the combination of wavelet transform and autoregressive 
integrated moving average models. Based on the proposed modified model [4], an algorithm for analyzing ionospheric 
parameters was developed. It makes it possible to detect ionospheric disturbances in near real-time mode. The authors of 
[5] proposed a method based on the use of convolutional neural networks and empirical decision rules to solve the problem 
of recognizing geomagnetic storms. The method [5] ensured an increase in the probability of correct recognition of 
geomagnetic storms up to 82.3 % by applying the data from the URAGAN muon hodoscope and neutron monitors. 
Chinese researchers [6] proposed a new KANs-Unet method for the problem of detecting anomalous areas in the images 
of the power spectra of ionospheric electric fields in space. It includes a convolutional module KAN-Conv based on the 
KAN neural network. The method [6] made it possible to increase the average value of the proportion of correctly 
classified pixels in images up to 0.998973. The paper [7] proposes a short-term wind power forecasting model based on 
a combination of an exponentially weighted moving average (EWMA) and a Kolmogorov-Arnold transformer network. 
The work [7] notes that application of EWMA allowed the authors to suppress noise and improve the quality of the 
transformer network. Application of the KAN network, using cubic B-splines, allowed the researchers to improve the 
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capability of the constructed model to describe nonlinear relationships and improved the accuracy of the transformer 
model for wind energy [7]. 

The object of the study in this paper is the methods for analysis of the data of galactic cosmic ray flux variations, 
aimed at studying the characteristic properties and detecting anomalous changes in the rate of cosmic ray arrival to the 
Earth. Galactic cosmic rays are an important factor in space weather, which has significant impact on modern terrestrial 
and space infrastructure. This work continues the cycle of the studies [9, 10]. The experimental base is the data from the 
high-latitude network of ground stations of neutron monitors (NM), recording the cosmic ray flux intensity 
[www.nmdb.eu]. In the works [9, 10] it is shown that the time series of neutron monitor data contain a high level of 
correlated noise associated with solar processes. The natural noise effect leads to a significant decrease in the signal-to-
noise ratio and reduces the accuracy in the solution to the problem of detecting anomalies in the data with the direct 
application of existing data analysis methods, including the latest developments in the field of artificial intelligence and 
machine learning. This is due to the overlap and coincidence of the characteristics of the information component of the 
neutron monitor data time series and noise. In [9, 10], cognitive rules for making decisions about the data state are 
proposed for detecting the information component of neutron monitor data and suppressing noise. The developed rules 
are based on the synthesis of elements of the theory of statistical decisions with wavelet transform. The rules are 
implemented numerically and allow us to obtain a solution close to the optimal one, in a certain statistical sense, at the 
rate of data arrival to the processing system. In [9, 10], it is shown that the use of cognitive rules together with the 
Autoencoder neural network increases the efficiency of solving the problem of detecting anomalies in neutron monitor 
data preceding the onset of geomagnetic storms. 

This paper considers the problem of approximating the time variation of neutron monitor data during quiet and 
disturbed periods in the near-Earth space. The problem solution is based on the combination of the developed cognitive 
rules for making decisions with a neural network of the KAN architecture [11]. KAN neural networks are a good 
alternative to the multilayer perceptron. Important advantages of KAN networks, compared to the perceptron, are 
interpretability and the capability to train on small data samples [11]. The estimates obtained in the work showed the 
prospects of the proposed approach for the research task. Application of cognitive rules allowed us to improve the 
qualitative characteristics of the KAN network. Based on the method, an adequate model of the time course of data on 
cosmic ray flux variations was obtained, giving a forecast with a lead step of 10 samples (corresponding to the time 
interval of 50 minutes). Our earlier studies [12] using the combination of wavelet filtering operations with a multilayer 
perceptron made it possible to obtain a model for describing the data time changes of cosmic ray flux variations (data 
from ground-based neutron monitors were used) for only 1 sample. This result confirms the advantage of KAN over a 
multilayer perceptron. Using the example of the event on May 10, 2024, the paper also shows the prospects for using the 
developed method for the problem of detecting anomalous changes in the rate of cosmic ray arrival to Earth based on the 
data from high-latitude neutron monitors. 

1. Description of the method 

Taking into account the structure of the natural time series, let us present it as 

𝑓ሺ𝑡ሻ ൌ 𝑅ሺ𝑡ሻ ൅ 𝐴ሺ𝑡ሻ ൅ 𝑒ሺ𝑡ሻ ൌ 𝑆ሺ𝑡,ϴሻ ൅ ∑ 𝑝௡௡ ϕ௡ሺ𝑡ሻ ൅ 𝑒ሺ𝑡ሻ ൌ 𝐼ሺ𝑡ሻ ൅ 𝑒ሺ𝑡ሻ,  (1) 

where 𝑅ሺ𝑡ሻ ൌ 𝑆ሺ𝑡,ϴሻ describes the regular components of the time series, ϴ is a parameter set 𝐴ሺ𝑡ሻ ൌ ∑ 𝑝௡௡ ϕ௡ሺ𝑡ሻ, 
contains anomalous features and has a nonparametric form, 𝑝௡ are the coefficients, 𝜙௡ሺ𝑡ሻis the basis, 𝐼ሺ𝑡ሻ ൌ 𝑅ሺ𝑡ሻ ൅ 𝐴ሺ𝑡ሻ 
is an information component of a time series, 𝑒ሺ𝑡ሻ is the noise, 𝑡 is the time. 

1. Application of cognitive rules to suppress noise and detect the information component 𝐼ሺ𝑡ሻ. According to the model 
(1) and considering a simple hypothesis 𝛤଴ against a simple alternative 𝛤ଵ, making a decision on the data state the at time 
𝑡 (noise 𝑠଴ / information signal 𝑠ଵ) gives a likelihood ratio [12] 

ௐቀ𝑓ሺ𝑡ሻቚГଵቁ
ௐቀ𝑓ሺ𝑡ሻቚГ଴ቁ

൒ 𝑇,  (2) 

where 𝑊ሺ𝑓ሺ𝑡ሻ|Г଴ሻ and 𝑊ሺ𝑓ሺ𝑡ሻ|Гଵሻ are the probability densities of distributions under the validity of the hypotheses 𝛤଴ 
and 𝛤ଵ, respectively, T is the threshold. 

Following the results of [9], for the functions f with limited variation, the best solution, according to the likelihood 
ratio (2), is given by the representation in a two-parameter wavelet basis and the cognitive rule 1 can be applied: the data 
at the time 𝑡 ൌ 𝑛 have a state 𝑠ଵ (hypothesis 𝛤ଵ is true), if the amplitudes of the wavelet coefficients |𝑐௞,௡| ൌ |⟨𝑓,Ψ௞,௡⟩| in 
the vicinity of the point 𝑡 ൌ 𝑛 do not satisfy the condition 

|⟨𝑓,Ψ௞,௡⟩| ൑ 𝑄𝑘௤ା଴.ହ ൌ П௞, (𝑄 ൌ 𝑐𝑜𝑛𝑠𝑡 ൐ 0, 𝑞 is the Lipschitz exponent) 

and the lowest risk is given by the adaptive threshold estimate 

𝐼መሺ𝑡ሻ ൌ ∑ ∑ 𝑃்ഀ,ೖ,೙
൫𝑐௞,௡൯Ψ௞,௡ሺ𝑡ሻ௡௞ ,𝑃்ഀ,ೖ,೙

ሺ𝑐௞,௡ሻ ൌ ൜
𝑐௞,௡, 𝑖𝑓|𝑐௞,௡| ൒ 𝑇஑,௞,௡

0, 𝑖𝑓|𝑐௞,௡| ൏ 𝑇஑,௞,௡
,   (3) 
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with the thresholds 𝑇஑,௞,௡ ൌ ℎఈ ∗ σෝ௞,௡. 
The thresholds 𝑇஑,௞,௡ in relation (3) are estimated in the vicinity of the points ሺ𝑘,𝑛ሻ according to the Neyman-Pearson 

criterion [13] from the condition ׬ 𝑊ሺ|𝑐௞,௡||Г଴ሻ𝑑|𝑐௞,௡| ൌ α
଴
஺

, where 𝛼 is the error of the first type. 
As long as the efficiency of procedure (3) obviously depends on the chosen wavelet basis Ψ, according to the estimates 

in the work [14], the risk of estimating 𝐼መሺ𝑡ሻ in the wavelet basis Ψ can be limited by the value 

𝑅ஏ ቀ𝐼መሺ𝑡ሻ, 𝐼ሺ𝑡ሻቁ ൌ 𝛦 ቄฮ𝐼መሺ𝑡ሻ െ 𝐼ሺ𝑡ሻฮ
ଶ
ቅ ൌ ∑ 𝑚𝑖𝑛ሺ|⟨𝐼,Ψ௞,௡⟩|ଶ,σ௞,௡

ଶ ሻ௞,௡ ൑ ∑ σ௞,௡
ଶ ,௞,௡    (4) 

where σ௞,௡
ଶ  is the noise variance. 

Then, using (4) and estimating the errors for different wavelet bases, we can determine the wavelet basis that gives 
the least error 

Ψ௕௘௦௧:𝑅ஏ್೐ೞ೟
ቀ𝐼መሺ𝑡ሻ, 𝐼ሺ𝑡ሻቁ ൌ 𝑚𝑖𝑛

ஏ∈஽
𝑅ஏ ቀ𝐼መሺ𝑡ሻ, 𝐼ሺ𝑡ሻቁ ൌ 𝑚𝑖𝑛

ஏ∈஽
∑ ൫σ௞,௡

ஏ ൯
ଶ

,௞,௡   (5) 

where D is the dictionary of wavelet bases, ሺσ௞,௡
ஏ ሻଶ is the noise variance estimated in the basis Ψ. 

Thus, we obtain cognitive rule 2: using the dictionary of bases 𝐷 ൌ λϵΛΨ஛, for the function 𝑓ሺ𝑡ሻ we calculate 

𝑅ஏಓ
ሺ𝐼መሺ𝑡ሻ, 𝐼ሺ𝑡ሻሻ ൌ 𝑚𝑖𝑛

ஏಓ∈஽
∑ ሺσ௞,௡

ஏಓሻଶ,௞,௡  and, according to the estimate (5), we determine the best wavelet basis Ψ௕௘௦௧ that 

minimizes the error 

ℛஏ್೐ೞ೟
൫𝐼መሺ𝑡ሻ, 𝐼ሺ𝑡ሻ൯ ൌ min

ஏಓ∈஽
∑ ൫σ௞,௡

ஏಓ൯
ଶ

 ௞,௡ .   (6) 

Following the work [9, 10] and using fast wavelet packet decompositions, the adaptive threshold estimate (3) can be 
implemented based on cognitive rule 3: in wavelet packets 𝐵௝

௣ ൌ ሼΨ௝
௣ሺ2௝𝑡 െ 𝑛ሻሽ௡∈ே, where 𝐵௝

௣ is the basis of spaces 

𝑊௝
௣:𝑊௝

௣ ൌ 𝑊௝ାଵ
ଶ௣ ⊕𝑊௝ାଵ

ଶ௣ାଵ, the lowest risk is given by the adaptive threshold estimate (Figure 3): 

Step 1. The basis 𝐵௣,௝ ൌ ሼΨ௝,௡
௣ ሽ௡∈ே of space 𝑊௝

௣ is the basis of 

𝐵௣,௝ ൌ ൝
Ψ௝,௡
௣ , 𝑖𝑓 𝑂൫𝑐௝,௡

௣ ൯ ൅ 𝑂൫𝑐௝ାଵ,௡
ଶ௣ ൯ ൒ 𝑂൫𝑐௝ାଵ,௠

ଶ௣ାଵ ൯,

Ψ௝ାଵ,௡
ଶ௣ ∪ Ψ௝ାଵ,௡

ଶ௣ାଵ, 𝑖𝑓 𝑂൫𝑐௝,௡
௣ ൯ ൅ 𝑂൫𝑐௝ାଵ,௡

ଶ௣ ൯ ൏ 𝑂൫𝑐௝ାଵ,௡
ଶ௣ାଵ൯,

   (7) 

where 𝑂ሺ𝑐௝ା௞,௡
௟௣ା௞ ሻ ൌ ∑ |𝑐௝ା௞,௡

௟௣ାଵ |ଶ, 𝑐௝,௡
௣ ൌ ⟨𝑓ሺ𝑡௡ሻ,Ψ௝,௡

௣ ⟩,௡∈ூ೗ುశభ |𝑐௝,௡
௣ | ൒ 𝑇஑,௝

௣ ,𝑇஑,௝
௣ ൌ 𝑡ଵିಉ

మ
,ேିଵσෝ௣,௝ are thresholds. 

Step 2. Error 𝐵௣,௝ is 𝜖஻ಓ ൌ ‖𝑓ሺ𝑡ሻ െ 𝑓ሚ஻ഊሺ𝑡ሻ‖
ଶ, where 𝑓ሚ஻ಓሺ𝑡ሻ ൌ ∑ 𝑇஑,௝

௣ ሺ⟨𝑓,Ψ௝,௡
௣ ⟩ሻΨ௝,௡

௣ ሺ𝑡ሻ௝,௡ . 
Step 3. Best wavelet packet basis 𝑅஻್೐ೞ೟ ൌ 𝑚𝑖𝑛஻ಓϵ஻ಓ . 
Note that the use of wavelet packets according to operation (7) allows us to analyze not only the low-frequency but 

also the high-frequency components of the time series, compared to the traditional smoothing operations, and obviously 
ensures the preservation of a greater proportion of useful information. 

Application of cognitive rule 3 is shown in Fig. 1. 

 
Fig. 1. Fragment of a wavelet packet tree and elements of the cognitive rule_3 

Based on the cognitive rules 1 – 3, we obtain the following numerical algorithm for noise suppression and detection 
of the information signal: 

Step 1. Calculation of the expansion coefficients into wavelet packets up to level 𝑚: 

𝐶 ൌ ቄ𝑑௝ାଵ
଴ ,𝑑௝ାଵ

ଵ , … ,𝑑௝ା௠
ሺଶ೘ିଶሻ,𝑑௝ା௠

ሺଶ೘ିଵሻቅ,  

where 𝐶 െ is a set of vectors of wavelet packet tree coefficients, 𝑑௝ାଵ
଴ ൌ ∑ ℎ௡ ∙ 𝑓௝,௡,௡ 𝑑௝ାଵ

ଵ ൌ ∑ 𝑔௡ ∙ 𝑓௝,௡௡ , … 𝑑௝ା௠
ሺଶ೘ିଶሻ ൌ 

ൌ ∑ ℎ௡ିଶ௞ ∙ 𝑑௝ା௠ିଵ,௡
ሺଶሺ೘షభሻିଶሻ,௡ 𝑑௝ା௠

ሺଶ೘ିଵሻ ൌ ∑ 𝑔௡ିଶ௞ ∙ 𝑑௝ା௠ିଵ,௡
ሺଶሺ೘షభሻିଶሻ

௡ , ℎ െ are low-pass filters, 𝑔 െ are high-pass filters,  

𝑓 ൌ ሼ𝑓௜ሽ െ is the natural time series, 𝑖 ൌ 1 …𝑁. 
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Step 2. Calculation of the thresholds 𝑇 for each node ሺ𝑗,𝑝ሻ at a given significance level α (operation (7)): 

𝑇 ൌ ቀ𝑇௝ାଵ,ఈ
଴ , … ,𝑇௝ା௠,ఈ

ሺଶ೘ିଵሻቁ ൌ 𝑡ଵିഀ
మ

,ேିଵ ∗ Σ෠,  

where Σ෠ ൌ ൫σෝ଴,௝ାଵ, … ,σෝሺଶ೘ିଵሻ,௝ା௠൯,σෝ௣,௝ ൌ ට ଵ

ே∗ିଵ
∑ ቀ𝑑௝

௣ െ 𝑑ఫ
௣തതതതቁ

ଶ
ே∗ିଵ
௜ୀ଴ , 𝑁 െ is the length of the coefficient 𝑑௝

௣, 

𝑑ఫ
௣തതതത ൌ

ଵ

௡
∑ 𝑑௝,௡

௣ ,௡ିଵ
௜ୀ଴ 𝑛 െ is the number of samples in the node 𝑑௝

௣. 

Step 3. Determination of the information components of the time series and suppressing noise: 

𝐶௜௡௙ ൌ ሼ𝑑௝ାଵ
଴ ௜௡௙

,𝑑௝ାଵ
ଵ ௜௡௙

, … ,𝑑௝ା௠
ሺଶ೘ିଶሻ௜௡௙,𝑑௝ା௠

ሺଶ೘ିଵሻ௜௡௙ሽ,  

where 𝑑௝,௡
௣ ௜௡௙

ൌ ሼ
𝑑௝,௡
௣ , 𝑖𝑓|𝑑௝,௡

௣ | ൒ 𝑇௝,ఈ
௣

0, 𝑖𝑓|𝑑௝,௡
௣ | ൏ 𝑇௝,ఈ

௣ . 

Step 4. Recursive restoration of time series original resolution: 

𝑓ሚ௜௡௙ ൌ ∑ ℎ௡ ∙ 𝑑௝ାଵ
଴ ௜௡௙

௡ ൅ 𝑑௝ାଵ
ଵ ൌ ∑ 𝑔௡ ∙ 𝑑௝ାଵ

ଵ ௜௡௙
௡ .   

Step 5. Determining the representation that provides the least error (operation (6)): 

𝑅ஏ್೐ೞ೟
ቀ𝑓ሚ௜௡௙ሺ𝑡ሻ,𝑓௜௡௙ሺ𝑡ሻቁ ൌ min

ஏഊ∈஽
∑ ൫σ௞,௡

ஏಓ൯
ଶ

 ௞,௡ ,  

where 𝐷 െ is the dictionary of wavelet bases. 
Figure 2 shows, as an example, the results of applying the described numerical Algorithm (Fig. 2b) to the neutron 

monitor data of the Oulu station (Fig. 2a). During the analyzed time interval (December 5 - 10, 2018), the data contain 
two Forbush effects (the moments of registration of Forbush effects are marked with red arrows) according to the source 
[spaceweather.izmiran.ru]. In Figure 2, the red dashed curves mark the calculated mean value of the data, as well as the 
confidence interval, which was calculated using the formula: 

Λ ൌ  𝑓̅  േ  𝑧 ∗  ሺσ /√𝑛 ሻ,    

where Λ െ is the confidence interval, 𝑓̅ െ is the sample mean (estimated taking into account the daily time course), σ െ 
is the standard deviation, 𝑛 െ is the length of the time series. The time interval was calculated at a 99 % significance level, 
𝑧 ൌ  2,576. 

Figure 2 shows that the application of cognitive rules reduced the noise level and detected anomalous features 
(Forbush effects on December 7 and 8, 2018). Figure 2a shows that the noise exceeds the confidence interval for the 
entire analyzed period from December 5 to 10. After applying cognitive rules (Figure 2b), the confidence interval is 
exceeded on December 7 and 8, 2018, when Forbush effects in cosmic ray variations occurred. The effectiveness of the 
method is also confirmed by the estimates presented below in Tables 1 and 2. 

 
Fig. 2 Result of applying the Algorithm 

2. Application of KAN network for time series approximation. The typical architecture of KAN network realizes the 
Kolmogorov-Arnold theorem (superposition theorem) [11]: a multivariate continuous function with bounded variation 
can be represented as a finite superposition of continuous one-dimensional functions: 

𝑌ሺ𝑇ሻ ൌ 𝑌ሺ𝑡ଵ, … , 𝑡௡ሻ ൌ ∑ Θ௤ሺ∑ θ௤,௣ሺ𝑡௣ሻ௡
௣ୀଵ ሻ.ଶ௡ାଵ

௤ୀଵ   (8) 

The KAN neural network is trained on the basis of the error backpropagation algorithm. During the training process, 
the KAN network parameterizes equation (8). A layer of the KAN network with 𝑛௜௡ inputs and 𝑛௢௨௧ outputs is defined 
through a function matrix, which has the form 

ϴ ൌ ൛θ௤,௣ൟ,𝑝 ൌ 1,2, … ,𝑛௜௡,𝑞 ൌ 1,2, … ,𝑛௢௨௧.  

The typical architecture of the KAN network is a composition of two KAN layers, it is shown in Fig. 3. Each activation 
function θ௤,௣ሺ𝑡ሻ is, by analogy with a multilayer perceptron, the sum of a basis function 𝑏ሺ𝑡ሻ ൌ 𝑡/ሺ1 ൅ 𝑒ି௧) and a spline 
function 𝑠𝑝𝑙𝑖𝑛𝑒ሺ𝑡ሻ ൌ ∑ 𝑐௜𝐵௜ሺ𝑡ሻ௜  (𝐵௜ሺ𝑡ሻ is B-splines, 𝑐௜ are the training parameters): 
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θ௤,௣ሺ𝑡ሻ ൌ 𝜐௤𝑏ሺ𝑡ሻ +𝜐௣𝑠𝑝𝑙𝑖𝑛𝑒ሺ𝑡ሻ, 𝜐௕, 𝜐௦ are the training parameters. 

A deep KAN network is a composition of KAN layers 

𝑌 ൌ ሺϴ௅ିଵ ∘ ϴ௅ିଶ ∘ … ∘ ϴଵ ∘ ϴ଴ሻ𝑇.  

 
Fig. 3. Typical architecture of the KAN NN 

The scheme for solving the problem based on a combination of the cognitive rules and the KAN network is presented 
in Fig. 4. 

 
Fig. 4. Scheme for the problem solving 

2. Data Processing Results 

The experiments used the data from the neutron monitor global network of [nmdb.eu]. In order to optimize the 
procedure for training and testing neural networks, the experiments were conducted with 5-minute data from neutron 
monitors. To train the network, 5000 vectors with a dimension of 288 samples (daily vector) were used as input data and 
5000 vectors with a dimension of 10 samples were used as output data, where each subsequent vector was supplied with 
a time lag of one sample. The training data were selected for the periods during which the state of near-Earth space (NES) 
was very calm (k-index<3, Dst-index<18). The neutron monitor data for 2018 (low solar activity) were used. The network 
architecture was built taking into account the minimization of true (observed) values deviation from the values obtained 
by the network, according to the L2 norm according to the formula: 

𝐸௅ଶ  ൌ  ට∑ ൫𝑓௜ െ 𝑓ሚ௜൯
ଶ௡

௜ୀଵ ,  

where 𝑛 – is the total number of data points, 𝑓௜ – is the true (observed) value for the 𝑖-th data point, 𝑓ሚ௜ – is the values 
obtained by the network for the 𝑖-th data point. 

Table 1 presents the results of the estimates obtained both with the use of the cognitive rules (filtered data) and without 
rules (with the original data from neutron monitors). The results show that the best result was obtained using filtered data, 
with one internal layer of the dimension 144. Analysis of the results in Table 1 confirms the efficiency of the combination 
of the developed cognitive rules and the KAN neural network. Application of the cognitive rules allowed us to 
significantly reduce the errors of the constructed neural network model for all analyzed architectures. 

Table 2 presents the results of assessing the adequacy of the constructed neural network model. The model adequacy 
was tested on test data (the data was not used to train neural networks).The results presented in Table 2 show that the 
application of the method allowed us to reduce the MSE values for the KAN neural network. With the use of cognitive 
rules, the MSE model values of the best network NN8_filt is 0.84633, without the use of rules, the smallest MSE model 
values of the NN8 network is 1.42754. The model’s adequacy also was verified using the Ljung–Box 𝑄-statistics and the 
Jarque–Bera test [13]. The Ljung–Box 𝑄-statistic (𝑄௦௧௔௧) confirmed  the hypothesis on the joint equality of all the 
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autocorrelations of the model residuals series up to the order 𝑚 inclusive (column 4 and 5, Table 2). The Jarque-Bera test 
(𝐽஻) showed that the model errors were normally distributed (columns 4 and 5, Tab. 2). Thus, according to Ljung–Box 𝑄-
statistics and the Jarque–Bera test the networks errors are the white Gaussian noise. The results of the tests confirmed the 
adequacy of the constructed neural network model. 

Tab. 1. Estimates of the constructed neural networks 

NN architecture, [input vector dimension, number of neurons 
 in internal layers, number of neurons in output layer] 

With cognitive rules, 𝑬𝑳𝟐 Without data filtering, 𝑬𝑳𝟐 

[288, 2, 5, 10] NN1_filt: 11.4794 NN1: 12.3260 
[288, 3, 7, 10] NN2_filt: 10.0962 NN2: 11.9539 
[288, 4, 5, 10] NN3_filt: 9.9976 NN3: 11.1474 
[288, 20, 10] NN4_filt: 7.1154 NN4: 10.0631 
[288, 30, 10] NN5_filt: 6.8383 NN5: 8.9775 
[288, 70, 10] NN6_filt: 4.7469 NN6: 7.8553 
[288, 100, 10] NN7_filt: 3.0483 NN7: 4.9635 
[288, 144, 10] NN8_filt: 2.0136 NN8: 3.8538 

Tab. 2. Estimate of the neural networks adequacy 

NN architecture, [input 
vector dimension, 

number of neurons in 
internal layers, number 

of neurons in output 
layer] 

With cognitive rules, 
𝑴𝑺𝑬 

Without data filtering, 
𝑴𝑺𝑬 

With cognitive 
rules, Ljung–Box 
𝑄-statistics, 

Jarque–Bera 
test 

Without data 
filtering, Ljung–
Box 𝑄-statistics, 

Jarque–Bera 
test 

[288, 2, 5, 10] NN1_filt: 1.96743 NN1: 2.29374 
𝐽𝐵 ൌ 3.37;  
𝑄௦௧௔௧ ൌ 19.23  

𝐽𝐵 ൌ 3.66;  
𝑄௦௧௔௧ ൌ 25.84  

[288, 3, 7, 10] NN2_filt: 1.72985 NN2: 1.99637 
𝐽𝐵 ൌ 3.63;  
𝑄௦௧௔௧ ൌ 20.71 

𝐽𝐵 ൌ 3.82;  
𝑄௦௧௔௧ ൌ 23.24 

[288, 4, 5, 10] NN3_filt: 1.57658 NN3:1.92234 
𝐽𝐵 ൌ 3.28;  
𝑄௦௧௔௧ ൌ 19.68 

𝐽𝐵 ൌ 3.65;  
𝑄௦௧௔௧ ൌ 22.34 

[288, 20, 10] NN4_filt: 1.43595 NN4: 1.90846 
𝐽𝐵 ൌ 3.27;  
𝑄௦௧௔௧ ൌ 19.24 

𝐽𝐵 ൌ 3.92;  
𝑄௦௧௔௧ ൌ 22.60 

[288, 30, 10] NN5_filt: 1.26478 NN5: 1.79557 
𝐽𝐵 ൌ 3.14;  
𝑄௦௧௔௧ ൌ 16.23 

𝐽𝐵 ൌ 2.98;  
𝑄௦௧௔௧ ൌ 24.23 

[288, 70, 10] NN6_filt: 1.22564 NN6: 1.66012 
𝐽𝐵 ൌ 2.24;  
𝑄௦௧௔௧ ൌ 17.37 

𝐽𝐵 ൌ 2.06;  
𝑄௦௧௔௧ ൌ 21.38 

[288, 100, 10] NN7_filt: 0.99455 NN7: 1.54001 
𝐽𝐵 ൌ 2.56;  
𝑄௦௧௔௧ ൌ 17.91 

𝐽𝐵 ൌ 2.31;  
𝑄௦௧௔௧ ൌ 22.79 

[288, 144, 10] NN8_filt: 0.84633 NN8: 1.42754 
𝐽𝐵 ൌ 2.39;  
𝑄௦௧௔௧ ൌ 15.23 

𝐽𝐵 ൌ 2.76;  
𝑄௦௧௔௧ ൌ 20.64 

Examples of NM data approximation using neural networks of the NN8_filt and NN8 architectures are shown in 
Figure 5 and Figure 6 (detail). The NM data for the period of May 14, 2024, which do not contain anomalies 
(corresponding to the calm state of the NES), were used as test data. The results show that application of the cognitive 
decision rules made it possible to suppress noise and improve the approximating capabilities of the KAN network. This 
is confirmed by the calculations obtained in Table 1 (the deviations of the predicted values of the neural network from 
the actual ones according to the L2 norm) end Table 2 (MSE model values). It should also be noted that the network was 
trained on the data of 2018 (a period of low solar activity), and the testing result in Figure 5 and Figure 6 are presented 
using the data of 2024 (a period of high solar activity). The time course of neutron monitor data depends significantly on 
the level of solar activity. The results confirm the efficiency of the method for the research task. 

 
Fig. 5. Result of testing the constructed neural network model: (a) without data filtering; (b) using cognitive rules 



https://computeroptics.ru 1877 journal@computeroptics.ru 

Компьютерная оптика. – 2026. – Т. 50, № 4. 7 Computer Optics 2026; 50(4). 

 
Fig. 6. Result of testing the constructed neural network model (detail): (a) without data filtering; (b) using cognitive rules 

Figure 7 shows the results of NM data processing during the period containing the extreme geomagnetic storm of May 
10, 2024 (the storm onset is marked with a vertical dotted line). The initial NM data are shown in blue, and the neural 
network result is shown in red. Analysis of the results shows satisfactory approximating properties of the neural network 
model during the disturbed period. However, during disturbances in near-Earth space, the network errors increased, 
indicating the need for further, more detailed studies. 

 
Fig. 7. Result of testing the constructed NN on NM data for May 9-10, 2024 

Conclusions 

The proposed method for modeling and analyzing natural time series has shown the promise of its application for 
approximating the time course of data on variations in the flux of galactic cosmic rays. Evaluations of the constructed 
neural network model have shown that the combination of the developed cognitive decision-making rules with the KAN 
neural network improves the quality characteristics of the KAN network. The use of cognitive rules made it possible to 
suppress noise in the data on variations in the flux of cosmic rays and detect the information component of the time series. 
The constructed neural network model provides a satisfactory forecast of data with a lead step of up to 10 samples 
(corresponding to a time interval of 50 minutes). This result indicates higher approximating properties of the obtained 
neural network model, compared to analogs in this area [12, 15 – 17].  

Using the example of the extreme geomagnetic storm of May 10, 2024, the paper shows the promise of using the 
developed method to describe anomalous changes in the rate of arrival of cosmic rays to Earth. But the increase in network 
errors during disturbances in near-Earth space indicates the need for further, more detailed studies.  

The developed method can be recommended for describing time series with a high level of interference, including 
correlated noise. The constructed neural network model can be used to study the dynamics of variations in the cosmic ray 
flux and to forecast space weather. 

Acknowledgment 

The work was supported by IKIR FEB RAS State Task (subject registration No. 124012300245-2). 

References 

[1] Gorodetskaya LA, Denisova AY, Kavelenova LM, Fedoseev VA. Rare plants detection using YOLO neural network. Computer 
Optics. 2024;48(3):397-405. doi:10.18287/2412-6179-CO-1405 

[2] Ceribasi G, Ceyhunlu AI, Ahmed N. Innovative trend pivot analysis method (ITPAM): A case study for precipitation data of 
Susurluk Basin in Turkey. Acta Geophysica. 2021;69(4):1465-1480. doi:10.1007/s11600-021-00605-6 

[3] Bychkov IV, Ruzhnikov GM, Fedorov RK, Popova AK, Avramenko YV. On classification of Sentinel-2 satellite images by a 
neural network ResNet-50. Computer Optics. 2023;47(3):474-481. doi:10.18287/2412-6179-CO-1216 

[4] Fetisova NV. An algorithm for detecting intense anomalous changes in the time dependence of ionospheric parameters. Computer 
Optics. 2019;43(6):1064-1071. doi:10.18287/2412-6179-2019-43-6-1064-1071 

[5] Belov AV, Gvishiani AD, Getmanov VG, et al. Recognition of geomagnetic storms based on neural network model estimates of 
Dst indices. Journal of Computer and Systems Sciences International. 2022;61(1):54-64. doi:10.1134/S106423072201004X 

[6] Li X, Li Z, Huang J, et al. Research on the detection model of kernel anomalies in ionospheric space electric fields. Atmosphere. 
2025;16(2):160. doi:10.3390/atmos16020160 

[7] Xing F, Gao Y, Kang L, Zhang M, Qin C. KAN-Transformer model for ultra-short-term wind power prediction based on EWMA 
data processing. Applied Sciences. 2024;14(21):9630. doi:10.3390/app14219630 

[8] Firsov N, Myasnikov E, Lobanov V, et al. HyperKAN: Kolmogorov-Arnold networks make hyperspectral image classifiers 
smarter. Sensors. 2024;24(23):7683. doi:10.3390/s24237683 

[9] Mandrikova O, Mandrikova B. Hybrid model of natural time series with neural network component and adaptive nonlinear 
scheme: Application for anomaly detection. Mathematics. 2024;12(7):1079. doi:10.3390/math12071079 

[10] Mandrikova BS. A method for analyzing complex structured data with elements of machine learning. Computer Optics. 
2022;46(3):506-512. doi:10.18287/2412-6179-CO-1088 



https://computeroptics.ru 1877 journal@computeroptics.ru 

Компьютерная оптика. – 2026. – Т. 50, № 4. 8 Computer Optics 2026; 50(4). 

[11] Liu Z, Wang Y, Vaidya S, et al. KAN: Kolmogorov-Arnold networks. arXiv. Preprint posted online April 30, 2024. 
doi:10.48550/arXiv.2404.19756 

[12] Mandrikova OV, Zalyaev TL, Geppener VV, Mandrikova BS. Analysis of neutron monitor data and isolation of sporadic effects 
based on neural networks and wavelet transform. In: Intellectualization of Information Processing: Abstracts of the 12th 
International Conference; 2018:90-91.  

[13] Levin BR. Theoretical Foundations of Statistical Radio Engineering. 3rd ed. Radio i Svyaz; 1989. 656 p. [In Russian] ISBN: 5-
256-00264-3. 

[14] Donoho DL, Johnstone IM. Ideal spatial adaptation via wavelet shrinkage. Biometrika. 1994;81(3):425-455. 
doi:10.1093/biomet/81.3.425 

[15] Zalyaev TL. Algorithm for anomaly detection in cosmic ray variations during heliospheric disturbances. Izvestiya Saint Petersburg 
Electrotechnical University “LETI.” 2015;(10):25-32. [In Russian] 

[16] Koundal P. Graph neural networks and application for cosmic-ray analysis. In: Proceedings of the 5th International Workshop on 
Deep Learning in Computational Physics; June 28-29, 2021; Moscow, Russia. doi:10.22323/1.410.0004 

[17] Senkevich YuI. Search for signs of changes in the state of the near-surface lithosphere layer based on image analysis of the 
dynamics of geoacoustic-emission signal characteristics. Bulletin of KRASEC. Physical and Mathematical Sciences. 
2024;47(2):58-74. [In Russian] doi:10.26117/2079-6641-2024-47-2-58-74 

 

 

Author’s information 

Mandrikova Bogdana Sergeevna was born in 1996. In 2023 she graduated from the postgraduate program of the St. 
Petersburg State Electrotechnical University LETI named after V.I. Researcher at the Laboratory of Systems Analysis of 
the Institute of Cosmophysical Research and Radio Wave Propagation of the Far Eastern Branch of the Russian Academy 
of Sciences. Research interests include intelligent methods for analyzing geophysical data, wavelets, neural networks. 
Author of more than 50 publications (books, articles). E-mail: 555bs5@mail.ru 

 
Oksana Viktorovna Mandrikova was born in 1972. Graduated from Shevchenko Kyiv National University in 1995 

and was awarded the title of Doctor of Technical Science in 2009, in 2021 he was awarded the academic title of professor. 
Head of the Laboratory of System Analysis at the Institute of Cosmophysical Research and Radio Wave Propagation, Far 
East Branch, Russian Academy of Sciences. Her scientific interests are intelligent techniques for geophysical data 
analysis, wavelets, neural networks, the ionosphere, the magnetosphere, and signal anomalies. Author of more than 150 
publications (books, papers). E-mail: oksanam1@mail.ru 
 

 

Received on October 28, 2025. The final version – April 04, 2026. 
 

 

 


