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ABSTRACT 

 
Correlation and regression relationships between the intra-annual distribution (%) of the relative number of landslides 

and the relative precipitation amounts in the month of the landslide occurrence were studied for the regions of Adjara 

and Guria (Georgia), and Eastern Georgia. Specifically, it was found that the intra-annual distribution of landslides 

across the studied territories of Georgia is quite uneven. The highest relative number of landslides in Adjara and Guria 

occurs in October (18.7%), and the lowest in August (3.4%). The highest relative number of landslides in Eastern Georgia 

occurs in June (12.4%), and the lowest in July (6.4%). In Adjara and Guria in the linear approximation, correlation 

coefficient R between intra-annual distribution of the recurrence of landslides and mean sum of precipitation during the 

month of their activation is moderate (R=0.62), and in the case of approximation by a third-degree polynomial - index of 

correlation R' is high (R'=0.80). In Eastern Georgia between specified parameters mostly linear correlation is observed 

(R=0.60, moderate correlation). The level of nonlinear relationships does not go beyond moderate correlation. 
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Introduction 

 

Landslides are a type of natural disaster that often cause significant environmental damage, lead to 

significant human casualties, and are widespread in many countries worldwide [1–4], including Georgia 

[5–13]. Landslide activation, along with many natural and anthropogenic factors, is also caused by 

prolonged, intense, or extreme precipitation [14-25]. Landslides have a seasonal pattern, which is often 

associated with seasonal variations in precipitation [26–30]. 
For example, in study [27] investigates the relationship between landslides and annual precipitation as 

well as selected monthly landslide distributions and their connection with weather anomalies in southern 

Lower Saxony, northern Hesse and the surroundings. Data about 394 landslide events between 1901 and 2016 

was used. It was received that landslide distributions are correlated with precipitation records of a synthetic 

precipitation series as a representative for the study area. The annual landslide distribution shows an overall 

increasing number of events with alternating periods of low and high landslide activity. Correlation with the 

annual precipitation predominantly reveals a more frequent occurrence of landslides in humid years. The 

monthly landslide distribution between 1901 and 2016 shows a first accumulation of events in winter months 

(January–March: 31%) and a second one in summer months (June–August: 32%). In general, this monthly 

landslide distribution follows the annual course of precipitation. Particular monthly landslide distributions are 

apparent for periods of increased landslide activity which coincide with exceptional long-term winter and 

summer precipitation trends. In these periods the monthly distributions widely follow the annual precipitation 

courses. Overall, the results show that the precipitation is basically suitable for an explanation for the 
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occurrence of landslide events. Whereas the annual precipitation is only partially meaningful for the annual 

landslide activity, the influence of exceptional seasonal precipitation is reflected in the monthly landslide 

distributions. The authors believe that the results provide a promising basis for more detailed analyses of the 

relationship between landslides and the precipitation in the study area [27]. 

In work [30] the correlation and regression relationship between the intra-annual distribution (%) of the 

number of landslides (LS) and the precipitation sums in the month when the landslide occurred and the 

accumulated sums for the month and 1...11 months before the landslide, P(1)…P(12), respectively, were 

studied. In particular, it was found that the intra annual distribution of landslides across the territory of Georgia 

is rather uneven. The highest number of landslides occurs in July and September (11.7% and 11.0%, 

respectively), while the lowest occur in January and November (5.3% and 5.6%, respectively). A moderate 

correlation is observed between the intra-annual distribution of LS with the intra-annual distributions of 

P(9)…(12). For the pairs LS – P(1) and LS – P(8), the correlation is low. For the remaining cases, the 

correlation is negligible. Linear regression equations between the parameters under study are presented. 

This work is a continuation of the study [30].  Below are the results of analysis of  peculiarities  of intra-

annual distribution of landslide recurrence in Adjara and Guria regions (Georgia) and in Eastern Georgia and 

their relationship with monthly sums of precipitation. 
 

Study area, material and methods 
 

Study area: Adjara and Guria regions (Georgia) and  Eastern Georgia.  
Data on the number of landslides (LS) with a known month of their activation were taken from the 

catalog [9] (Table 1). Adjara, Guria. Period of observation: 1968,2008-2010,2012-2022, Total LS Number – 

145. Eastern Georgia. Period of observation: 1968,1973-1976,1983,1984,1988,1989,2001,2002,2004-

2007,2011-2015,2017-2022, Total LS Number – 183. Table 1 also provides data on the number of landslides 

per year in different months (LS Numb/Year).  

The data from the National Environmental Agency on monthly precipitation from 10 meteorological 

stations in Adjara and Guria, as well as from 27 meteorological stations in Eastern Georgia were used (Table 

2). List of meteorological stations, their coordinates and locations in [24] are presented. Table 2 data on mean 

sum of precipitation during the months of landslides activation in Adjara, Guria and Eastern Georgia are 

presented. 

In the proposed work the analysis of data is carried out with the use of the standard statistical analysis 

methods [31]. The following designations will be used below: R2 – coefficient of determination; R – coefficient 

of linear correlation; R' - index of correlation for nonlinear equations.  

The degree of correlation was determined in accordance with [31]: very high correlation (0.9 ≤ R ≤ 1.0); 

high correlation (0.7 ≤ R < 0.9); moderate correlation (0.5 ≤ R < 0.7); low correlation (0.3 ≤ R< 0.5); negligible 

correlation (0 ≤ R < 0.3). 

 

Table 1. Data on landslides numbers in Adjara, Guria and Eastern Georgia by months according to [9]. 

 

Region Adjara, Guria Eastern Georgia 

Parameter LS Number Number of 

years 

LS 

Numb/Year 

LS Number Number of 

years 

LS 

Numb/Year 

Jan 3 2 1.5 8 5 1.6 

Feb 5 3 1.667 8 4 2 

Mar 12 4 3 16 8 2 

Apr 19 8 2.375 24 12 2 

May 12 5 2.4 24 12 2 

Jun 24 7 3.429 35 12 2.917 

Jul 9 6 1.5 9 6 1.5 

Aug 4 4 1 16 9 1.778 

Sep 27 9 3 17 9 1.889 

Oct 22 4 5.5 13 6 2.167 

Nov 3 2 1.5 7 4 1.75 

Dec 5 2 2.5 6 3 2 

Jan-Dec 145  29.371 183  23.601 
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Table 2. Data on mean sum of precipitation during the months of landslides activation in Adjara, Guria and  

Eastern Georgia. 

 

Parameter Mean sum of precipitation during the months of LS activation, mm 

Region Adjara, Guria Eastern Georgia 

Jan 186.2 25.3 

Feb 128.6 36.6 

Mar 157.1 80.8 

Apr 67.5 78.3 

May 58.6 122.3 

Jun 93.7 117.8 

Jul 150.5 59.6 

Aug 109.8 54.9 

Sep 352.3 65.8 

Oct 389.1 46.6 

Nov 130.7 47.4 

Dec 214.4 49.9 

Jan-Dec 2038.53 785.24 

 

Results and discussion 
 

Results in Table 3 and Fig. 1-4 are presented.  

In Table 3 statistical characteristics of intra-annual distribution of landslides numbers in year and mean 

sum of precipitation during the months of landslides activation in Adjara, Guria and Eastern Georgia (data 

from Tables 1 and 2) are presented. 

 

Table 3. Statistical characteristics of intra-annual distribution of landslides numbers in year and mean sum of 

precipitation during the months of landslides activation in Adjara, Guria and Eastern Georgia 

 

Parameter LS Numb/Year 
Mean sum of precipitation during the 

months of LS activation, mm 

Region Adjara, Guria Eastern Georgia Adjara, Guria Eastern Georgia 

Max 5.5 2.92 389.1 122.3 

Min 1.0 1.5 58.6 25.3 

Average 2.45 1.97 169.9 65.4 

St Dev 1.22 0.36 104.1 29.9 

 

Fig. 1 and 2 shows the intra-annual distribution of the recurrence of landslides and sum of precipitation 

during the month of their activation in Adjara, Guria and Eastern Georgia, normalized by their sum values 

(Table 3).  

Values of LS Numb/Year and their normalized values change as follows (Tables 1, 3, Fig. 1,2). Adjara, 

Guria: from 1.0 (or 3.4 %) in August to 5.5 (or 18.7 %) in October with average value – 2.45; Eastern Georgia:  

from 1.5 (or 6.4 %) in July to 2.92 (or 12.4 %) in June with average value – 1.97.  

Mean sum of precipitation during the months of LS activation and their normalized values change as 

follows (Tables 2, 3, Fig. 1,2). Adjara, Guria: from 58.6 mm (or 2.9 %) in May to 389.1 mm (or 19.1 %) in 

October with average value – 169.9 mm; Eastern Georgia:  from 25.3 mm (or 3.2 %) in January to 122.3 mm 

(or 15.6 %) in May with average value – 65.4 mm. 

As follows from Fig. 1 and 2 in general, despite the heterogeneity of the initial data (Tables 1 and 2), 

the intra-annual distribution of landslide recurrences in the studied regions of Georgia is to a certain extent 

synchronous with the intra-annual distribution of precipitation recurrences. 
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Fig. 1. Intra-annual distribution of the recurrence of landslides and sum of precipitation during the month of 

their activation in Adjara and Guria, normed on their average values. 

 

 
 

Fig. 2. Intra-annual distribution of the recurrence of landslides and sum of precipitation during the month of 

their activation in Eastern Georgia, normed on their average values. 

 

 
Fig. 3. Connection between intra-annual distribution of the recurrence of landslides and mean sum of 

precipitation during the month of their activation in Adjara and Guria.  
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At the same time, in Adjara and Guria (Fig. 3) in the linear approximation, correlation between intra-

annual distribution of the recurrence of landslides and mean sum of precipitation during the month of their 

activation is moderate (R=0.62), and in the case of approximation by a third-degree polynomial - high 

(R'=0.80). 

 

 

Fig. 4. Connection between intra-annual distribution of the recurrence of landslides and mean sum of 

precipitation during the month of their activation in Eastern Georgia. 

 

 In Eastern Georgia (Fig. 4) between specified parameters mostly linear correlation is observed 

(R=0.60, moderate correlation). The level of nonlinear relationships does not go beyond moderate correlation. 

 

Our earlier study [30] showed that for Georgia as a whole the value of the linear correlation coefficient 

between the intra-annual distributions of landslides number and mean sum of precipitation during the month 

of their activation is 0.42 (low correlation), which is below the same value for Adjara, Guria (R=0.62, moderate 

correlation, Fig. 3) and for Eastern Georgia (R=0.60, moderate correlation, Fig. 4). 

Note, that according to [32] mean monthly sum precipitation in Adjara, Guria and Eastern Georgia in 

1961-1990 are respectively equal 155.7 and 61.3 mm. Comparison of these data with the data in Table 3 shows 

that mean monthly sum precipitation during the months of LS activation more than their average long-term 

values on 9.1 % in Adjara, Guria and on 6.9 % in Eastern Georgia. 

 

Conclusion  

 

In the future, as new data accumulates, we plan to refine the results obtained in this study. We also 

plan to conduct research assessing the role of various factors (including precipitation) in landslide activation 

in different seasons using artificial intelligence methods in both steady-state and dynamic modes. 
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მეწყრის განმეორების შიდა წლიური განაწილების 

თავისებურებები აჭარისა და გურიის რეგიონებში (დასავლეთ 

საქართველო) და აღმოსავლეთ საქართველოში და მათი კავშირი 

ყოველთვიურ ნალექების რაოდენობასთან 
 

ა. ამირანაშვილი, ლ. ბროკა, თ. ჭელიძე, თ. ქირია, 

დ. სვანაძე , თ. წამალაშვილი, ნ. ვარამაშვილი 
 

 
რეზიუმე 

 

აჭარის, გურიისა და აღმოსავლეთ საქართველოს რეგიონებისთვის შესწავლილი იქნა მეწყერების 

ფარდობითი რაოდენობის შიდაწლიურ განაწილებასა (%) და მეწყრული თვის განმავლობაში 

მოსული ნალექების ფარდობით რაოდენობას შორის კორელაციური და რეგრესიული კავშირები. 

კერძოდ, დადგინდა, რომ საქართველოს შესწავლილ ტერიტორიებზე მეწყერების წლიური 

განაწილება საკმაოდ არათანაბარია. აჭარასა და გურიაში მეწყერების ყველაზე მაღალი 

ფარდობითი რაოდენობა ოქტომბერში (18.7%), ხოლო ყველაზე დაბალი - აგვისტოში (3.4%) 

ფიქსირდება. აღმოსავლეთ საქართველოში მეწყერების ყველაზე მაღალი ფარდობითი 

რაოდენობა ივნისში (12.4%), ხოლო ყველაზე დაბალი - ივლისში (6.4%) ფიქსირდება. აჭარასა და 

გურიაში, მეწყერის განმეორებადობის წლიური განაწილებისა და მათი გააქტიურების თვის 

საშუალო ნალექებს შორის კორელაციის კოეფიციენტი R ზომიერია (R=0.62) წრფივი 

მიახლოებით, ხოლო მესამე ხარისხის პოლინომური მიახლოებით კორელაციის ინდექსი R' 

მაღალია (R'=0.80). აღმოსავლეთ საქართველოში ამ პარამეტრებს შორის უპირატესად წრფივი 

კორელაცია შეინიშნება (R=0.60, ზომიერი კორელაცია). არაწრფივი დამოკიდებულებების დონე 

არ აღემატება ზომიერ კორელაციას. 

 

საკვანძო სიტყვები: სტიქიური უბედურება, მეწყერი, ნალექი, კორელაციული და რეგრესიული 

ანალიზი. 
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Особенности внутригодового распределения частоты оползней в 

регионах Аджария и Гурия (Западная Грузия) и в Восточной 

Грузии и их связь с месячными суммами осадков 

 
А. Амиранашвили, Л. Брокка, Т. Челидзе, T. Кириа, 

Д. Сванадзе , Т. Цамалашвили, Н. Варамашвили 

Резюме 
 

Для регионов Аджарии и Гурии (Грузия) и Восточной Грузии были изучены корреляционные и 

регрессионные зависимости между внутригодовым распределением (%) относительного числа 

оползней и относительным количеством осадков в месяце возникновения оползня. В частности, было 

установлено, что внутригодовое распределение оползней на исследуемых территориях Грузии 

довольно неравномерно. Наибольшее относительное число оползней в Аджарии и Гурии приходится 

на октябрь (18.7%), а наименьшее — на август (3.4%). Наибольшее относительное число оползней в 

Восточной Грузии приходится на июнь (12.4%), а наименьшее — на июль (6.4%). В Аджарии и Гурии 

при линейной аппроксимации коэффициент корреляции R между внутригодовым распределением 

повторяемости оползней и средней суммой осадков за месяц их активации является умеренным 

(R=0,62), а в случае аппроксимации полиномом третьей степени – индекс корреляции R' высок 

(R'=0,80). В Восточной Грузии между указанными параметрами в основном наблюдается линейная 

корреляция (R=0.60, умеренная корреляция). Уровень нелинейных зависимостей не выходит за рамки 

умеренной корреляции. 

 

Ключевые слова: стихийные бедствия, оползни, атмосферные осадки, корреляционный и 

регрессионный анализ. 
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ABSTRACT 

In modern times, the use of satellite-derived information is becoming increasingly vital in both the operations 

of meteorological services and scientific research. This information plays a crucial role in evaluating air 

temperature, precipitation, drought monitoring, food security, and weather-related issues, as well as in making 

data-driven decisions. Studying ongoing processes via artificial satellites provides the opportunity to obtain 

unique data within a short timeframe. 

This study assesses the potential risk of making incorrect decisions when utilizing satellite-derived 

meteorological data, using the case of Telavi (in particular, wind speed). 

 

Key Words: climate change, Kakheti, air temperature, wind speed, satellite data. 

 

Introduction 

Satellite data plays a crucial role in assessing climate risks by providing accurate and timely information 

on environmental conditions. This data facilitates the monitoring of changes, forecasting of extreme weather 

events, and evaluation of climate change impacts across various regions. The primary advantage of using 

satellite data lies in its ability to cover vast territories, offer high-resolution satellite imagery to users, and 

provide near real-time updates, making it an essential tool for effective climate risk management. Since the 

early 1980s, polar-orbiting and geostationary satellites have been providing various types of data, including: 

 Land surface temperature; 

 Precipitation; 

 Air temperature; 

 Spatial distribution of drought intensity; 

 Vegetation characteristics, their condition, etc. [1] 

 

Study area, Materials and Methods 

This paper compares the wind speed data of Telavi, one of Georgia's municipalities, with satellite-derived 

information spanning the years 2000-2016. TerraClimate data (derived from NASA's Terra satellite MODIS 

sensor) is utilized for this data comparison. Within the territory of Georgia, the combined application of 

satellite information and GIS methods allows for a more precise comparison and evaluation of the consistency 

between the country's meteorological stations and satellite data. Ultimately, this obtained satellite information 

can be utilized for forecasting purposes [https://www.climatologylab.org/terraclimate.html]. 

Modern meteorological stations integrate multiple sensors to provide a comprehensive view of 

environmental conditions. As for meteorological satellites, they are used to observe Earth's atmospheric 

https://www.climatologylab.org/terraclimate.html
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conditions from space, providing essential data for weather forecasting, climate change research, and 

environmental monitoring. Theoretically, satellites can monitor the environment at any point on Earth, at any 

time. Instead of directly measuring air temperature, they capture information across various wavelengths—

such as infrared radiation from the Earth's surface—and then perform calculations to determine the 

temperature. 

Terra is a NASA scientific research satellite. It investigates the connections between Earth's atmosphere, 

land, snow, ice, and ocean to better understand Earth's climate and climate change [https://terra.nasa.gov/]. 

MODIS stands for Moderate Resolution Imaging Spectroradiometer. It features numerous data products 

capable of measuring temperature, precipitation, land surface temperature, drought, phenology, and more. 

 

Results 

Wind speed data in Georgia is recorded by meteorological stations and observation posts across the 

country [2-13]. However, there are locations where meteorological stations are not installed due to various 

reasons. Consequently, satellite-derived information serves as an alternative option for measuring and 

verifying wind speed, capable of supplementing traditional methods. In Georgia, studying atmospheric 

processes using artificial satellites provides an opportunity to obtain unique data within a short timeframe; 

therefore, it is crucial to utilize all available information that enables more accurate and reliable forecasts of 

weather and natural disasters. 

An integrated approach provides a large-scale, consistent, and continuous picture of the atmospheric 

processes occurring on the Earth's surface. Regular observations ensure a continuous flow of data. 

Furthermore, long-term satellite series allow for the comprehensive study of climate trends. 

 

Table 1. Telavi Wind Speed Regression Statistics, Terraclimate and Telavi meteorological in 2000-2016 

years 

Parameter Multiple R R Square Adjusted R Square Standard Error Number of observations 

Value 0.445335 0.198323 0.194355 0.229063 204 month 

 

 

Fig. 1. Regression Statistics, Comparing Satellite and Weather Station Wind Speed Data: A Case Study of 

Telavi (2000-2016).  

 

Validation of the monthly wind speed data from 2000-2016 reveals a moderate to low positive linear 

correlation [14] (R=0.445, Table 1, Fig. 1) between satellite estimations and ground-based station 
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observations. The analysis yielded a Mean Bias Error (MBE) of +0.54 m/s and Root Mean Square Error 

(RMSE) of 0.615 m/s. The low correlation coefficient (R=0.445) can be primarily attributed to the spatial scale 

mismatch. While the satellite dataset represents a grid-averaged wind speed over a broad area, the ground 

station captures localized point, measurements heavily influenced by microtopography, surface roughness and 

local obstacles. Nevertheless, the low RMSE and small systematic positive Bias demonstrate that the overall 

magnitude of deviation remains within an acceptable range. Consequently, applying the linear regression 

correction allows for effective bias adjustment, making the satellite product a viable alternative for regional 

wind resource assessment where station data is absent. 

Conclusion 

Based on the provided regression analysis tables, we can conclude that there is a positive linear relationship 

between the TerraClimate data and the data from Georgian meteorological stations.  

Wind is the most variable meteorological parameter. The spatial resolution of the TerraClimate is 

approximately 4 km. Although it can’t provide accurate daily values, it can reflect seasonal trends or the 

general dynamics of windy periods. When ground-based observations are unavailable, satellite data serves as 

the sole source, despite its inherent errors. The average Bias for entire 17-year period (2000-2016) is 0.54. 

This indicates that the satellite overestimated wind speed by an average of 0.54 m/s compared to the 

measurements from Georgian stations. 

Predicting global changes with high accuracy is essential for making prudent decisions related to 

environmental protection issues. 
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ქარის სიჩქარის თანამგზავრული და მიწისზედა 

მეტეოროლოგიური მონაცემების შედარებითი ანალიზი ქ. 

თელავის მაგალითზე (კახეთი, საქართველო) 

მ.მოდრეკელიძე., ლ.ლაღიძე., გ.ღამბაშიძე 

რეზიუმე 

თანამედროვე პირობებში, მეტეოროლოგიური სამსახურების საქმიანობაში და სამეცნიერო-

კვლევით მუშაობაში, თანამგზავრებიდან მიღებული ინფორმაციის გამოყენებას სულ უფრო 

მეტი მნიშვნელობა ენიჭება. ეს ინფორმაცია მნიშვნელოვან როლს ასრულებს ჰაერის 

ტემპერატურის, ნალექებისა, გვალვის მონიტორინგის, სასურსათო უსაფრთხოების და ამინდთან 

დაკავშირებულ საკითხების შეფასებასა და მონაცემებზე დაფუძნებული გადაწყვეტილებების 

მიღებაში. მიმდინარე პროცესების ხელოვნური თანამგზავრების საშუალებით შესწავლა, მოკლე 

დროში უნიკალური ინფორმაციის მიღების შესაძლებლობას იძლევა. 

 მოცემული კვლევა ეხება თანამგზავრებიდან მიღებული მეტეოროლოგიური მონაცემების 

გამოყენებისას, არასწორი გადაწყვეტილებების  პოტენციური რისკის შეფასებას თელავის  

მაგალითზე (კერძოდ, ქარის სიჩქარე). 

 

საკვანძო სიტყვები: კლიმატის ცვლილება, კახეთი, ჰაერის ტემპერატურქარის, ქარის სიჩქარე, 

სატელიტური მონაცემები. 
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Сравнение спутниковых данных и данных метеостанции о 

скорости ветра: пример г. Телави (Кахети, Грузия) 

 
М. Модрекелидзе, Л. Лагидзе, Г. Гамбашидзе 

 
Резюме 

В современную эпоху использование информации, полученной со спутников, приобретает все большее 

значение как в работе метеорологических служб, так и в научных исследованиях. Эта информация 

играет решающую роль в оценке температуры воздуха, осадков, мониторинге засухи, обеспечении 

продовольственной безопасности и решении погодных проблем, а также в принятии решений на 

основе данных. Изучение текущих процессов с помощью искусственных спутников предоставляет 

возможность получения уникальных данных в короткие сроки. 

В данном исследовании на примере Телави оценивается потенциальный риск принятия неверных 

решений при использовании метеорологических данных, полученных со спутников (в частности, 

скорости ветра). 

 

Ключевые слова: изменение климата, Кахетия, температура воздуха, скорость ветра, спутниковые 

данные. 
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ABSTRACT 

 
Climate change is one of the most significant global challenges that need to be managed Understanding of the natural 

environment is increasingly important to respond to the climate change negative impacts and anthropogenic pressures 

on finite natural resources, and their impacts on water, energy and food security, infrastructure, human health, natural 

hazards. The paper reviewed ML application in weather and acclimate, its further development and activities and 

achievements of ECMWF in creating and app]lying of ML/AI methods. This is also a major interdisciplinary challenge 

involving almost all scientific fields Artificial intelligence and machine learning (AI/ML) applications have recently 

widely expanded in all fields. ML can enhance our computations by adding components or replacing some parts of the 

process. This is what is called the ‘hybrid’ approach. Instead, ML can also fully replace the whole model, at a much 

lower computing cost. In addition, AI/ML opens some avenues in other activities we are involved in, such as flood 

forecasts, fire danger forecasts, monitoring of observations, managing the supercomputer, or enhancing user 

experience. 

 

Key words: Big Data, Machin Learning, Neural Network, CEMS (Climate and Environmental Monitoring from Space, 

ECMWF’s Artificial Intelligence Forecasting System (AIFS),Hybrid approach 
 

1. Introduction 

 

Climate change is one of the most significant global challenges that need to be managed. To resolve any 

of the climate change related challenges, “it is essential to elicit and integrate knowledge across a range of 

systems, informing the design of solutions that take into account the complex and uncertain nature of the 

individual systems and their interrelationships” [20]. Many studies and researches are devoted to this 

problem [1-10]. The trends in data science and information technology supports the integration of various 

disciplines and research outcomes to represent a socio-environmental system holistically inform policy and 

decision-making processes, which can be referred as climate computing. Understanding of the natural 

environment is increasingly important to respond to the climate change negative impacts and anthropogenic 

pressures on finite natural resources, and their impacts on water, energy and food security, infrastructure, 

human health, natural hazards. This is also a major interdisciplinary challenge involving almost all scientific 

fields 

In 2013, the UK government announced large-scale investment in Big Data infrastructure for science, 

particularly in the environmental sector starting funding for a program called CEMS (Climate and 

Environmental Monitoring from Space) [3,5,20,23].  This allowed for the creation of larger databases to 

cope with the upcoming Big Data revolution and to allow research partner organizations to work with more 

data and produce more results. With a specific focus on climate change and planetary monitoring, CEMS 

storage removed the need to download enormous data sets while reducing the cost of access. Along with 

Cloud data, this is now the standard globally for some of the world's top research institutes. 

Environmental data comes from a wide variety of sources and this is increasingly rapidly with new 

innovations in data capture: 

1. Large volumes of data are collected via remote sensing, typically from satellite sensing or aircraft-borne 

sensing devices, including an increasing use of drones. This includes passive sensing, such as photography or 

infrared imagery, and active sensing, e.g., RADAR/LIDAR. The increasing availability of open satellite data 

is a major trend in earth and environmental sciences. For example, the EU Copernicus program and the 

associated Sentinel missions, or NASA’s Earth Observing System satellites, LandSat archive are regularly 

mined for data for a variety of applications 
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2. Other data are collected via earth monitoring systems, which consist of a range of sensor technologies 

measuring various physical entities. Namely weather stations and monitoring systems 

3. Model output is also a significant generator of environmental data with results from previous model runs 

often stored for subsequent analysis 

 

 

Machine Learning 

Artificial intelligence and machine learning (AI/ML) applications have recently widely expanded in 

all fields. ML uses a lot of data to produce results, and ECMWF is all about data: to use a lot of data – tens 

of millions of weather observations per day – and we create a lot of data by producing weather analyses and 

forecasts at high resolution (Fig.1). 

Traditionally, the physics-based methods are used for our computations in the Integrated Forecasting 

System (IFS). This is the case for numerical weather prediction (NWP), reanalysis of past weather, and 

atmospheric composition. All computations require large computing power to produce high-quality 

predictions, based on the accurate description of physical processes. 

ML can enhance our computations by adding components or replacing some parts of the process. 

This is what we call the ‘hybrid’ approach. Instead, ML can also fully replace the whole model, at a much 

lower computing cost. In addition, AI/ML opens some avenues in other activities we are involved in, such as 

flood forecasts, fire danger forecasts, monitoring of observations, managing the supercomputer, or enhancing 

user experience. 

 
Fig.1. Machine learning is well suited to weather forecasting due to the vast amounts of data that are used to 

determine the best possible initial conditions and to produce global forecasts [22]. 

Machine learning (ML) is the use of statistical algorithms that can learn from data and generalize to 

unseen data without explicit instructions. It is a sub-class of artificial intelligence (AI), which is the 

capability of computer systems to perform tasks typically associated with human intelligence. Many of the 

statistical methods that have been used for decades in Earth sciences can be counted into the wider class of 

ML. Examples are multi-dimensional linear regression, or dimensionality reduction via principal 

components. Even deep learning – the use of neural networks to perform ML – was already applied at 

ECMWF for the emulation of the radiation scheme more than two decades ago [1,22]. It may therefore 

surprise that many claims that we have seen an ML “revolution” during the last couple of years. What 

happened? Beyond the domain of Earth system science, AI and ML have seen an enormous rise that was 

mainly fueled by:  

• A massive increase in computational power with computer hardware customized towards the needs 

of deep learning, and deep learning being the ideal application for state-of-the-art supercomputers that excel 

for simple arithmetic and linear algebra.  

• The exponential increase of data in many domains – including weather and climate – and the 

ability of deep learning to learn systems of arbitrary complexity if enough data and compute capacity are 

available. 
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 • The availability of software libraries such as TensorFlow and PyTorch that allow a user to create 

complex deep learning architectures with very minimal Python code.  

• The massive amount of experience that was collected on how to design efficient deep learning 

methods with new neural network architectures and training procedures being invented, including 

convolutional neural networks, recurrent neural networks, generative adversarial networks, attention and 

transformers, and diffusion networks 

It became more obvious around 2018 that the developments in general machine learning would also 

impact data assimilation and Earth system modelling. Early success stories across ECMWF’s workflow 

included the use of neural networks for SMOS soil moisture data assimilation for the land surface [21,22] 

and the use of neural networks for bias correction learned within the 4D-Var data assimilation framework 

[21. Deep learning has been used successfully for the emulation of the gravity wave drag parametrization 

schemes [22], and the deep learning emulators could be used to generate tangent linear and adjoint model 

code for 4D-Var data assimilation. Furthermore, decision trees have been used for the post-processing of 

ensemble predictions for precipitation, and there have been plenty of links and similarities between data 

assimilation and deep learning. As ECMWF hosts more than one exabyte of weather and climate data, there 

were plenty of possible application areas for versatile, scalable tools that allow the extraction of complex 

information from data – such as deep learning. The potential applications were distributed across all parts of 

the numerical weather prediction (NWP) pipeline, from observation processing [22 to data assimilation, to 

the forecast model and the post-processing and dissemination of the forecasts. These included methods to 

improve our understanding of the Earth system such as unsupervised learning and causal discovery, 

uncertainty quantification, and AI powered visualization; methods to speed-up conventional models such as 

emulators for parametrization 3 schemes including with low numerical precision, the optimization of the 

high performance computing (HPC) and data workflow, and data compression; methods to improve the 

models such as bias correction tools, tools for quality control of observations, feature detection algorithms, 

and the learning of model components from observations; and methods that linked different datasets to 

weather and climate datasets that have interesting applications for health, energy, transport and pollution 

applications, as well as for extremes such as wildfires or flooding. 

Machine learning scientists and Earth Science domain scientists often follow a different philosophy. 

The former tends to solve data science problems that optimize for specific goal functions (e.g. the reduction 

of Root Mean Square Error of precipitation at 48-hour lead time), while the latter aim to improve and 

validate models with physical understanding and checks for physical consistency (e.g. conservation laws or 

process feedbacks). Domain scientists are sometimes defensive regarding the establishment of machine 

learning as they consider the new capabilities as a threat rather than as an extension of their toolbox. This 

makes communication and collaboration difficult, but it also represents a barrier for the uptake of machine 

learning solutions by domain scientists who do not trust black box approaches that do not offer physical 

understanding. This is in particular the case as many of the machine learning architectures that are currently 

applied have been developed for other domains such as image recognition and do not allow for the 

introduction of domain knowledge into solution design. There is a risk that solutions for specific applications 

will be developed in parallel with no synergies between domain scientists on the one side and machine 

learning scientists on the other. 

 

The hybrid approach  

 

Machine learning can be used to better estimate some components of NWP, and to estimate model 

error. This is true for the process of establishing the best possible starting conditions of forecasts, called data 

assimilation, but also for forecasts themselves. 

Aspects of the Earth system, such as sea ice, snow, soil and vegetation, are hard to model from pure 

physics, so in practice, the modelling can be quite empirical. In such cases, there is great potential to let the 

observations increasingly define the models. It is more likely to achieve the best results by carefully 

combining known physics with empirical and ML components, rather than throwing away physical models 

entirely. 

There are also some predictable model errors which we can estimate and remove from data 

assimilation and subsequent forecasts using ML. Weather and climate reanalysis can benefit from ML, too. 

For example [22], for ECMWF’s next reanalysis, ERA6, an ML model error correction method developed 
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for the period from 2006 (Fig.2), which is rich in satellite observations, will be applied to earlier, data-sparse 

periods. 

 
Fig.2. The variable corrections of near-surface temperature tendencies per hour, established by machine 

learning, that are going to be applied in the data assimilation system from 2025, compared to constant 

tendency corrections. The constant tendency correction includes small changes for every 12-hour 

assimilation window. (Time series courtesy of Patrick Laloyaux, ECMWF). 

ECMWF made tremendous progress in the last 18 months or so in building such a system, called 

the Artificial Intelligence Forecasting System (AIFS). This is the result of decisions by our Member States 

on investments, the motivation and dedication of our staff, and collaborative efforts with partners. The AIFS 

uses Copernicus climate reanalysis and weather analysis for training, and it relies on IFS initial conditions, 

so it is not entirely divorced from traditional techniques. But it makes forecasts just on the basis of ML. 

This year, ECMWF has lowered the grid spacing of the AIFS from 100 to 28 km, and it will go down 

further. This compares with a grid spacing of currently 9 km for the IFS., ECMWF has also built a first AIFS 

ensemble system, in which a number of slightly different forecasts are made for each time in the future to 

scan the possible scenarios and thus enable the estimation of uncertainty. These forecasts have been added to 

our chart’s web page, and they are available as open data. 

 ECMWF is looking at sub-seasonal timescales, up to 46 days ahead, and at the addition of various 

Earth system components. There are also plans for AIFS forecasts of hydrology and atmospheric 

composition., ECMWF is collaborating in an ECMWF ML pilot project with Member and Co-operating 

States, taking part in a EUMETNET AI initiative. This will help us to compare different approaches, at 

different timescales and resolutions. The collaboration with our Member and Co-operating States is also key 

to the development of a platform called Anemoi, which will enable users to build their own ML models 

(Fig.3). 

 
Fig.3. The continuous ranked probability score (CRPS – lower is better) measures the quality of ensemble 

forecasts. Here we show it for 850 hPa temperature, with results for the IFS ensemble (IFS ENS – red) and 

for the experimental AIFS ensemble (AIFS ENS – blue). Scores are aggregated over the northern hemisphere 

extratropics and approximately a five-month period. 

Over the last year, ECMWF has started a radically new approach to weather prediction: the 

production of weather forecasts directly from observations. Physics-based data assimilation relies on some 

assumptions, such as a perfect knowledge of model and observation errors, and of the link between the 

model and observations. The new approach tries to circumvent these aspects of conventional data 

assimilation. 
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It means that observations do not need to be mapped to a fine grid of unmeasured parameters. It also opens 

up the possibility of exploiting the information content of exciting new observations. This AI-Direct 

Observation Prediction (AI-DOP) project involves a neural network trained to predict future observations 

from long historical records of past observations (Fig.4.) [22]. 

In this new approach, we effectively use observations to forecast future states of the atmosphere 

learned directly from the observations themselves. First results are very promising, but this approach is still 

experimental. 

 
Fig.4. An example of forecasting future observations with AI-DOP. We show infrared window channel 

brightness temperatures (in Kelvin), measured by the Infrared Atmospheric Sounding Interferometer (IASI), 

predicted one and four days ahead. The left column shows the predicted values and the right column real 

radiances measured one and four days later. This channel is very sensitive to atmospheric cloud structures, 

and we can see that AI-DOP produces very plausible forecasts of the evolution of the large-scale weather 

patterns, although they are rather smoothed with the current low-resolution experimental system. The 

rectangles highlight some of the more conspicuous weather patterns that are predicted well. 

 

ML in NWP and climate services 

While some of the applications from Machine Learning in Earth system sciences are conceptually 

close to the use of machine learning methods in other domains (such as the detection of tropical cyclones in 

model output which can be formulated as an image recognition task), many will require customized machine 

learning solutions. Physical fields, for example, are often stored on unstructured grids on the sphere which 

do not allow for a simple application of convolutions in space or time which are a core element of many 

machine learning approaches. While the vertical dimension of atmosphere models is structured, the physical 

fields still show very different dynamics close to the surface and at the model top, which will, again, make it 

difficult to apply standard convolution approaches [1, 23]. Furthermore, physical fields need to follow 

physical constraints such as conservation laws or a limit to positive values 

The training of machine learning tools requires data. As the complexity of machine learning tools 

can be increased arbitrarily, the only limits for the accuracy of machine learning methods are the amount of 

data that is available for training and the limits of the computational and data handling infrastructure. More 

data allow more sophisticated machine learning solutions to be designed. Machine learning users will 

therefore show a different and more greedy data access pattern when compared to conventional users, 

towards larger and more selective data access (e.g. retrieving a single field over a specific area of the globe 

for a long period of time). This generates a significant challenge for data centers such as ECMWF as data 

production and use is already growing fast for the conventional workflow. 

When compared to conventional methods in NWP and climate services, machine learning requires a 

different set of tools regarding both software and hardware. Most Earth system models are still based on 

Fortran code and are typically run on CPU-based supercomputing hardware. On the other hand, machine 

learning tools are typically based on Python code and Python libraries as well as Jupiter notebooks and are 

trained and used most efficiently on GPU hardware. Most of the computational cost for supervised learning 
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is generated by the training of the machine learning tool, while the application of the tool (the “inference”) is 

typically very cost efficient. As part of the code refactorization to improve portability, models are now being 

rewritten into domain-specific languages and in some cases also Python or Julia code [22], including the 

Finite Volume version of the ECMWF Integrated Forecasting System (IFS-FVM). However, it will still take 

a couple of years until these developments reach a large fraction of domain scientists. 

Earthkit 

ECMWF has also developed Earthkit, a modular Python ecosystem that provides consistent tools for 

retrieving, manipulating and analyzing Earth system data. Earthkit builds on the principles used in 

ECMWF’s operations, ensuring that users preparing AI training datasets benefit from the same reliability 

and transparency that underpin ECMWF’s daily forecasts (Fig.5.) [22]. 

 

Fig.5. Machine learning pipelines: optimal performance relies on placing large datasets close to Graphics 

Processing Units (GPUs) within HPC environments, ensuring efficient machine learning workflows. 

Anemoi: a shared European framework for AI weather prediction 

While datasets and processing tools are essential, the rapid progress in AI weather forecasting across 

Europe is also due to shared software frameworks that support collaboration. 

A major reason Europe has advanced so quickly in AI-based weather and climate prediction is the 

emergence of Anemoi, a jointly developed, open-source framework created by ECMWF together with 

several national meteorological services. Anemoi provides a coherent, shared foundation that supports the 

full lifecycle of developing machine learning models, from data preparation to model training, inference and 

operational use. 

At its core, Anemoi offers three essential capabilities (Fig.6): 

 AI-ready datasets: production, cataloguing and distribution of more than 150 curated training 

datasets derived from ERA5, operational ECMWF data, satellite and in situ observations, and 

Member State archives. These datasets are prepared using domain expertise and deployed across 

multiple HPC systems across Europe. 

 Training and ML operations: tools for large-scale, distributed model training, experiment tracking 

and workflow reproducibility, enabling consistent development across institutions and HPC 

environments, including the world-class EuroHPC supercomputers. 

 Inference and applications: components that support scalable model execution for weather and 

climate applications across both timescales and spatial scales. Examples include nowcasting, 

limited-area ML models, ECMWF’s own Artificial Intelligence Forecasting System (AIFS) and the 

AI Earth system components and climate emulator developed within the Destination Earth initiative 

of the European Commission. 
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Fig.6. Overview of the Anemoi pipeline, from datasets through core components – training, models, and 

graphs – to inference [22]. 

By providing an end-to-end, operationally aligned framework, Anemoi enables ECMWF and its 

Member States to build, operationalize and improve AI models in a consistent way. This shared framework 

ensures the rapid progress in AI prediction, while ensuring transparency, scientific robustness and a clear 

pathway from research to operational implementation." 

In 2025, Anemoi received two major international recognitions. It was awarded the Technology 

Achievement Award by the European Meteorological Society (EMS) for its collaborative approach to 

machine learning, and also the 2025 HPC wire Readers’ and Editors’ Choice Award for “Best Use of AI 

Methods for Augmenting HPC Applications”.  

 

AIFS: operationalizing AI models 

ECMWF’s Artificial Intelligence Forecasting System (AIFS), which is operationally run daily since 

2025, demonstrates how machine learning models can be integrated into a rigorous operational environment. 

Running the AIFS alongside the Integrated Forecasting System (IFS) allows ECMWF and its Member States 

to: 

 evaluate AI forecasts with established verification methods, 

 analyze strengths and limitations under diverse conditions, and 

 explore the complementarity of physics and machine learning forecasting approaches. 

This side-by-side exploration ensures that emerging AI methods can be assessed transparently and 

responsibly, in line with ECMWF’s commitment to scientific trust, quality, and reliability (Fig.7). 

 

 
 

Fig.7. The ERA5 Blueprint illustrates the journey from raw Earth observations to next-generation AI weather 

forecasts. Credit: generated by Notebook [22]. 
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Interest in AI-enabled forecasting is growing, with ECMWF, national meteorological services, 

research institutes and private actors exploring applications from post-processing and downscaling to 

nowcasting and regional and global prediction. One example is the recent operationalization of AICON by 

the German Meteorological Service (DWD) utilizing Anemoi. 

Building on shared foundations such as ERA5, Earthkit and Anemoi allows ECMWF and its 

Member States to develop these methods in a consistent way, supporting joint approaches to model 

development and evaluation. 

This collective momentum is one of Europe’s strengths, helping establish a coherent and 

scientifically robust pathway for AI-enabled weather prediction, strengthening the capacity of the European 

meteorological infrastructure. 

These digital representations combine EO data with advanced modelling frameworks to simulate 

environmental processes and explore future, “what if”, scenarios. Using high-performance computing, 

machine learning, and satellite data, the digital twins of Destination Earth (DestinE) combine Earth 

Observation data with numerical models and AI techniques to simulate the behavior of the Earth system and 

explore possible future scenarios [21]. 

The WEkEO DIAS provides Earth Observation datasets coming from many different services 

(and allows all users to download data for free. 

Another question about the future of ML for Earth system modelling is whether the domain will 

follow the developments of large language models (LLMs) towards larger and more generic ML tools that 

can then be used for multiple application areas – so-called foundation models. LLMs are trained to fill in 

gaps in huge amounts of text, rather than for a specific task such as the translation from language A to 

language B. The resulting tools can be used for diverse tasks beyond their training objective, along this line, 

it may be possible that a foundation model trained from various Earth system datasets and with a huge latent 

space with many billions of trainable parameters may perform better in certain tasks when compared with a 

task-specific model. To explore foundation models for weather and climate applications, ECMWF and a 

number of Member States have started the Weather Generator EU Horizon project that will build such a 

foundation model and serve as an additional digital twin for Destination Earth [21]. 

 The Weather Generator will serve as foundation model for weather and climate applications. It will 

be able to digest datasets from various sources, including observations, local and global analysis products, 

and local and global models, and will be useful for many different application domains in weather and 

climate science. The input and output of the Weather Generator can be local or global, at a resolution 

between 100 m and 100 km, and can be in the past, present and future. Figure 8: Showing the evolution of 

24-hour rainfall forecasts on 16 April 2024 over the grid box including Dubai. The model climate is about 

zero precipitation, with a maximum of less than 25 mm based on 1,800 forecasts (marked by the black 

triangle). Experimental versions of AIFS Single (blue dots) and AIFS Ensemble (green box and whisker) 

models both predicted precipitation values well-outside the model climatology and values in line with the 

IFS ensemble (blue box and whisker). All systems underestimated the observed value (purple hourglass). 

Data is obviously a key ingredient in accurate forecasting using physics-based approaches. We view that the 

role of data will grow even larger with the rise of data-driven forecasting. Curating large, calibrated datasets 

will be vital to feed these models. Direct incorporation of surface observations into model training and 

inference will increase the value of sharing these datasets. Novel data sources, e.g. cameras measuring 

visibility, could be directly included in model pipelines. 

Conclusion 

Big Data and Artificial Intelligence greatly enhance weather forecast and climate assessment as in 

spatial-temporal scale as accuracy.  The Machine Learning methods are successfully used in prediction of 

dangerous hydrometeorological events, such as drought [23], flooding, frost, etc. These methods became 

more and more accurate due to Earth Observing Satellite data and computing facilities. The best way to 

achieve more accuracy is enhancement of those ML models by learning them physical lows. These includes 

microphysical processes, thermodynamics and also quantum electrodynamics, due to cosmic weather events 

[14]. Hybrid approach together with space weather prediction will be able to handle weather forecasting gaps 

and difficulties.  
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Машинное обучение и гибридные подходы в погоде и климате 

М. Татишвили, А. Палавандишвили 

Резюме 

Изменение климата является одной из наиболее значительных глобальных проблем, требующих 

решения. Понимание природной среды приобретает все большее значение для реагирования на 

негативные последствия изменения климата и антропогенное давление на ограниченные природные 

ресурсы, а также на их влияние на водную, энергетическую и продовольственную безопасность, 

инфраструктуру, здоровье человека и стихийные бедствия. В статье рассмотрено применение 

машинного обучения в погоде и климате, его дальнейшее развитие, а также деятельность и 

достижения Европейского центра изучения погоды и климата (ECMWF) в создании и применении 

методов машинного обучения/искусственного интеллекта (ИИ). Это также важная 

междисциплинарная задача, затрагивающая почти все научные области. Применение искусственного 

интеллекта и машинного обучения (ИИ/МО) в последнее время широко распространилось во всех 

областях. Машинное обучение может улучшить наши вычисления, добавляя компоненты или заменяя 

некоторые части процесса. Это называется «гибридным» подходом. Кроме того, машинное обучение 

может полностью заменить всю модель, при этом значительно снизив вычислительные затраты. 

Помимо этого, ИИ/машинное обучение открывает новые возможности в других областях нашей 

деятельности, таких как прогнозирование наводнений, прогнозирование пожарной опасности, 

мониторинг наблюдений, управление суперкомпьютером или улучшение пользовательского опыта. 

Ключевые слова: Большие данные, машинное обучение, нейронные сети, CEMS (мониторинг 

климата и окружающей среды из космоса), система прогнозирования на основе искусственного 

интеллекта ECMWF (AIFS), гибридный подход. 



85 
 

Journal of the Georgian Geophysical Society, e-ISSN: 2667-9973, p-ISSN: 1512-1127 

Physics of Solid Earth, Atmosphere, Ocean and Space Plasma, v. 29(1), 2026, pp. 85 - 89 

 

Studying Forbush Effect in Geomagnetic Field of Earth 
 

Mariam R. Aslamazishvili, Oleg A. Kharshiladze,  

Aleksandre P. Ghurchumelia, Giorgi I. Takadze 
 

M. Nodia Institute of Geophysics of the I. Javakhishvili Tbilisi State University, Georgia 

e-mail: mariam.aslamazishvili722@ens.tsu.edu.ge 

 

ABSTRACT 

 
The report discusses the dynamics of charged particle motion in a non-uniform magnetic field. Specifically, we examine 

the possible trajectories of cosmic rays in Earth's dipole magnetic field. The study demonstrates the potential chaotic 

dynamics of cosmic rays using the Lyapunov exponent and Fourier spectrum. Additionally, it presents modeling of Van 

Allen belt formation and analyzes the influence of cosmic ray energy on the geometry of these belts. Furthermore, an 

analysis was conducted on the impact of the May 10, 2024, magnetic storm on cosmic ray detection on Earth. As is known, 

during such storms, the Forbush effect is observed, which manifests as a decrease in the intensity of detected cosmic rays. 

Relevant laboratory records are provided, utilizing data from the Tbilisi Cosmic Ray Laboratory. The study also 

investigates the dependence of the Forbush effect's depth on the magnitude of geomagnetic field disturbances. 

 

Key words: Forbush effect, non-uniform magnetic field, cosmic rays 

 

 

 

Introduction 
 
A non-uniform magnetic field is a field whose magnetic induction varies from point to point in space. An 

example of such field is the Earth’s magnetic field, which in the first approximation can be considered as a 

dipole magnetic field. The field lines emerge from northern magnetic pole and enter the southern magnetic 

pole. In the case of a uniform magnetic field, the equation of motion can be solved analytically, but for a non-

uniform magnetic field we must use numerical methods. The magnetic field produced by a magnetic dipole is 

known from the formula [1] [4]: 

 

𝐵⃗ =
𝜇0

4𝜋𝑟3
[3(𝑚⃗⃗ ∙ 𝑟̂)𝑟̂ − 𝑚⃗⃗ ]       (1) 

𝐵⃗   — magnetic field (T) 

𝑚⃗⃗ — magnetic dipole moment(for earth: 8.0 * 1022  (A*m2)) 

𝑟̂— unit vector from dipole moment center to point in space 

𝑟  — distance from dipole center(m) 

𝜇0— magnetic constant( 1.256 *10⁻⁶ N/A²) 

Our goal is to investigate the trajectory of a particle moving in non-uniform magnetic field.Using the 

Lorenz force, we write the corresponding equation of motion and solve the system of differential equations 

using the Runge-Kutta numerical method(ODE-45): 

 

  

𝑑2𝑟 

𝑑𝑡2
=  

𝑞

𝑚
 

𝜇0

4𝜋𝑟3

𝑑𝑟 

𝑑𝑡
× [3(𝑚⃗⃗ ∙ 𝑟̂)𝑟̂ − 𝑚⃗⃗ ]  (2) 
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As charged particles we consider cosmic rays, which allows us to investigate and qualitatively evaluate the 

Forbush effect. 

 

 

Results and disscusion 

 

We obtained various trajectories for the motion of charged particles. The plots show coordinate system scaled 

by the Earth’s radius. In this work, we chose alpha particles (He²⁺) to model cosmic rays, since they constitute 

approximately 10% of the cosmic-ray flux. Alpha particles have charge q=2e and mass m=4mp. 

Additionally, the Lyapunov exponent was calculated for each trajectory to characterize the degree of chaotic 

behavior (Fig.1, Fig.2, Fig.3) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 

Fig. 2 
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Using this model, it is also possible to explain the Forbush effect. The Forbush effect is the reduction in cosmic-

ray intensity observed on Earth during geomagnetic storms, caused by magnetic disturbances generated by 

solar eruptions. 

In the model, we compare two cases: one with the normal geomagnetic field, and one with an enhanced field 

due to solar disturbances. The modeled particle moves in the Earth’s dipole magnetic field under normal 

contidions (fig.5) and under enhanced field conditions (fig.4). When the magnetic field is doubled, the 

particle’s trajectory changes significantly, it moves away from Earth and can no longer reach the same location. 

This demonstrates that a strong magnetic field, such as that occurring during a Forbush event, hinders the 

arrival of cosmic rays at Earth- and this is precisely the Forbush effect. 

 

 

 

 

 

 

 

 

Fig. 3 

Fig. 4 Fig. 5 
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We also used data from the Tbilisi Cosmic Ray Laboratory [5] to analyze the geomagnetic storm that occured 

between may 10-13, 2024. As can be seen in the yellow-highlighted region (fig.6), a sharp decrease in cosmic-

ray intensity is recorded during the geomagnetic storm, which corresponds exactly to the forbush effect. 

 

 

 
 

 

Conclusion 

In this work, we modeled the motion of charged particles in the Earth's non-uniform magnetic field and 

analyzed the impact of geomagnetic disturbances on their trajectories. Using alpha particles (He²⁺) to represent 

cosmic rays, our simulations demonstrated that under normal geomagnetic conditions, charged particles can 

reach the Earth, whereas under enhanced magnetic field conditions such as those caused by solar eruptions, 

the trajectories are significantly altered, preventing particles from reaching the same locations. 

The results clearly illustrate the physical mechanism behind the Forbush effect: strong geomagnetic fields 

generated during solar events reduce the flux of cosmic rays arriving at Earth. This modeling is supported by 

observational data from the Tbilisi Cosmic Ray Laboratory, which recorded a sharp decrease in cosmic-ray 

intensity during the geomagnetic storm of May 10-13, 2024. 

Overall, this study highlights how numerical simulations of particle motion in the Earth’s magnetosphere can 

effectively reproduce observed cosmic-ray modulation events, providing a valuable tool for understanding 

space weather effects on the near-Earth environment. The approach also allows for quantitative analysis of 

chaotic particle dynamics and can be extended to study other magnetospheric phenomena, such as the 

formation and structure of the Van Allen radiation belts. 
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დედამიწის გეომაგნიტურ ველში ფორბუშის ეფექტის შესწავლა 

მ. ასლამაზიშვილი, ო. ხარშილაძე, ა. ღურჭუმელია, გ. თაყაძე 

რეზიუმე 

 
მოხსენებაში განხილულია დამუხტული ნაწილაკების მოძრაობის დინამიკა არაერთგვაროვან 

მაგნიტურ ველში. კერძოდ, ვიხილავთ კოსმოსური სხივების შესაძლო ტრაექტორიებს 

დედამიწის დიპოლურ მაგნიტურ ველში. ნაშრომში ნაჩვენებია კოსმოსური სხივების შესაძლო 

ქაოსური დინამიკა ლიაპუნოვის მაჩვენებლისა და ფურიე სპექტრის საშუალებით. ასევე 

წარმოდგენილია ვან-ალენის სარტყლების ფორმირების მოდელირება და განხილულია 

კოსმოსური სხივების ენერგიის გავლენა ამ სარტყლების გეომეტრიაზე. ასევე ჩატარდა 2024 წლის 

10 მაისის მაგნიტური ქარიშხლის გავლენის ანალიზი  დედამიწის კოსმოსური სხივების 

დეტექტირებაზე. როგორც ცნობილია, ასეთი ქარიშხლების პერიოდში შეიმჩნევა ფორბუშის 

ეფექტი, რაც მდგომარეობს დედამიწაზე დეტექტირებული კოსმოსური სხივების ინტენსივობის 

შემცირებაში. მოყვანილი გვაქვს შესაბამისი ლაბორატორიული ჩანაწერები, სადაც 

გამოყენებულია თბილისის კოსმოსური სხივების ლაბორატორიის მონაცემები. გამოკვლეულია 

ფორბუშის ეფექტის სიღრმის დამოკიდებულება გეომაგნიტური ველის შეშფოთების სიდიდეზე. 

საკვანძო სიტყვები: ფორბუშის ეფექტი, არაერთგვაროვანი მაგნიტური ველი, კოსმოსური 

სხივები 

Изучение эффекта Форбуша в геомагнитном поле Земли 

М. Асламазишвили, О. Харшиладзе, А. Гурчумелия, Г. Такадзе 

Резюме 

В работе рассматривается динамика движения заряженных частиц в неоднородном магнитном поле. В 

частности, изучаются возможные траектории космических лучей в дипольном магнитном поле Земли. 

В работе показана возможная хаотическая динамика космических лучей с использованием показателя 

Ляпунова и анализа Фурье. Также представлено моделирование формирования поясов Ван Аллена и 

обсуждается влияние энергии космических лучей на геометрию этих поясов. 

Кроме того, проведен анализ влияния магнитной бури 10 мая 2024 года на регистрацию космических 

лучей на Земле. Как известно, в периоды таких бурь наблюдается эффект Форбуша, заключающийся в 

уменьшении интенсивности космических лучей, зарегистрированных на Земле. Приведены 

соответствующие лабораторные записи, использующие данные Тбилисской лаборатории космических 

лучей. Исследуется зависимость глубины эффекта Форбуша от величины возмущения геомагнитного 

поля. 

Ключевые слова: эффект Форбуша, неоднородное магнитное поле, космические лучи 
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ABSTRACT
 

Based on the study of the 27-day variations of the neutron component of cosmic rays at two stations of the Global 

Cosmic Ray Network (Moscow and Yakutsk) and the Tbilisi Cosmophysical Observatory in the ascending and 

descending phases of the 24th cycle of solar activity, it has been established that the 27-day variation profile describes 

a quasi-sinusoidal curve. The deviation from the sinusoidal curve is determined by the change in the number, 

coordinates and power of sunspots (2.2 in the ascending phase and 81.8 in the descending phase) in a given phase of 

solar activity.
 

 
Key Words:  Cosmic ray 27- day variations, Solar Cycle, Bartels  Rotation Number, Carrington Rotation Number, Solar 

Activity ascending & descending phase, World -Wide Network of cosmic ray neutron monitors, quasisinusiudal curve.
 

1. Introduction
 

The article discusses the daily data of the intensity of the neutron component of cosmic rays, 

corrected for the effect of atmospheric pressure, registered by the Tbilisi CosmoPhysical Complex and two 

stations of the World Network of Cosmic Rays, Moscow and Yakutsk, and studies the 27-day variations of 

the neutron component of cosmic rays, in the case of the ascending and descending phases of the 24th cycle 

of solar activity.  
 

2. Materials and Methods, 
 

The last completed 24-day solar cycle began in December 2008, with a mini-mum corrected sunspot 

number of 2.2  [1] and ended in December 2019.  Activity was minimal until early 2010. [2] [3]. Activity 

reached its maximum in April 2014 with a 23 months smoothed sunspot numbers of 81.8 [4]   
To study the 27-day variations of cosmic rays, the starting points of the Carrington rotation were chosen as 

the reference point in time. 
 Based on the acquisition, processing and analysis of daily data on the intensity of cosmic rays 

registered by the Tbilisi Cosmophysical Observatory and neutron monitors of two stations of the World 

Network of Cosmic Rays, Moscow and Yakutsk, verified at atmospheric pressure, the solar activity was 

studied during the ascending and descending phases of the last completed 24 cycles. The ascending phase of 

the 24-cycle solar activity was located in the time interval from December 17, 2008 to December 02, 2012, 

The descending phase of the 24-cycle solar activity was located in the time interval from April 7, 2014 to 

December 10, 2019. 
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a.  For the stations of the World Wide Web, Moscow and Yakutsk  

Accordingly, to study the 27-day variations of cosmic rays, 53 Carrington rotations corresponding to 53 

rotations of the Sun around its own axis of rotation, in the ascending phase of the 24th cycle of solar activity, 

were considered separately, Similarly, 76 Carrington rotations corresponding to 76 rotations of the Sun 

around its own axis of rotation, in the descending phase of the 24th cycle of solar activity, were also 

considered separately. Thus, the 27-day variations in the intensity of the neutron component of cosmic rays 

registered by the World Cosmic Ray Network are described by 53 separate Carrington rotations during the 

ascending phase of the 24th solar cycle, and by 76 separate Carrington rotations during the descending phase 

of the 24th solar cycle. 

b. For the Tbilisi Cosmo Physical Complex 
 

The 27-day variations of the neutron component of cosmic rays registered by the Tbilisi Cosmo-physical 

Observatory, since December 2009, are described by 41 separately taken Carrington rotations, during the 

ascending phase of the 24-th cycle of solar activity, and by 76 separately taken Carrington rotations during 

the descending phase of the 24-th cycle of solar activity. The data of the Cosmic Rays Laboratory are posted 

at the newly created web address: http://cosmicrays.tbilisi.com/
 

 

2. Methods for detecting recurring and non-periodic dependencies: 

epoch superposition method 

 Small effects of influence can be detected using a special method of averaging data values, which was 

originally used in the study of geomagnetic variations [5] and which is known as the method of superposition 

of epochs, or the Kri method. Suppose that n events have been observed, during which the effect of a certain 

influence on cosmic rays should be studied. For the beginning of each of these events, we record the 

numerical values of the cosmic ray intensity in the corresponding cells of the horizontal rows forming a 

vertical column. And we assign such a vertical column the corresponding number at the beginning of the 

count. The corresponding values for moments after zero time are recorded in the vertical columns with the 

next ordinal number. Thus, we fill in a total of 27 columns in order to detect a 27-day cycle. And we 

calculate the average of the values recorded in the horizontal rows within each column [5-20]. 
 

Solar rotation is the rotation of the Sun around its axis.  

The Sun is not a solid body, but rather consists of a gaseous plasma, and rotates with different periods at 

different latitudes. The solar rotation period is 25.67 days at the equator and increases with latitude, reaching 

33.40 days at 75 degrees latitude [5]. The source of this differential rotation is an ongoing area of research in 

solar astronomy.[5] 

Carrington rotation  

 The Carrington rotation is a system for comparing the positions of the Sun over a period of time, 

allowing the tracking of sunspot groups or the reappearance of flares at a later time. Since the rotation of the 

Sun varies with latitude, depth, and time, any such system is necessarily arbitrary and makes comparisons 

only meaningful over moderate periods. For the purposes of the  
 Carrington rotations, the solar rotation is taken to be 27.2753 days (see below). Under this scheme, 

each rotation of the Sun is assigned a unique number, called the Carrington rotation number, starting on 

November 9, 1853. 
 To study the 27-day variations in cosmic rays, the letters of the beginning of the Carrington rotation 

were chosen as the reference point in time.  
 The starting date for using the World Wide Web of Cosmic Rays data for the ascending phase of the 

24-th cycle of solar activity was December 17, 2008, which corresponds to the beginning of the 2078-th 

Carrington rotation, and the final date for using the World Wide Web of Cosmic Rays data was December 02, 

2012, which corresponds to the end of the 2131st Carrington rotation.  
 Thus, a total of CR2131 – CR 2078 = 53 Carrington rotations (CR) were considered for studying the 
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ascending phase of the 24-th cycle of solar activity. 
  The starting date for using the World Wide Web of Cosmic Rays data in the descending phase of the 

24-th cycle of solar activity was April 7, 2014, corresponding to the beginning of the Carrington rotation CR 

2149, and the final date for using the World Wide Web of Cosmic Rays data was December 2, 2019, 

corresponding to the end of the Carrington rotation 2225. Thus, a total of CR 2225 – CR 2149 = 76 

Carrington rotations (CR) were considered to study the descending phase of the 24-th cycle of solar activity.                

3. Results
 

a) 
Results for two stations of the World Wide Web, Moscow and Yakutsk

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Solar Activity Ascending phase, Moscow
 

 

 

 

 

 

 
 

 

 

 

Fig. 2. Solar Activity Descending phase, Moscow
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3. Solar Activity Ascending phase, Yakutsk.
 

 

 

 

 

 
 

 

 

 

 

 

 

Fig. 4. Solar Activity Descending phase, Yakutsk.
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Fig. 5. Solar Activity Ascending phase, Tbilisi.
 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Descending phase, Tbilisi
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