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Abstract. Georgia belongs to one of the most vulnerable regions in the world, as it is prone to hazardous
geological processes such as landslides (LS). As the statistical data on LS in Georgia are of relatively low
quality, a three-stage methodology was applied for assessing LS probability. First, an initial statistical
assessment of LS hazard was performed using 11 weighted objective factors. Second, the initial statistical
model was compared with the map of observed LS on the territory of Georgia. Third, machine learning
(ML) methods were applied to assess LS probability for obtaining the final LS hazard map. The obtained
results indicate a good correlation between the model predictions and the observed data, which confirms
the reliability and robustness of the proposed model, even in the case of unbalanced data. © 2026 Bull.

Natl. Acad. Sci. Georg.
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Introduction

The fatality count of landslides over the past 20
years worldwide is estimated to be on the order of
60 000. Thus, it is important to create stationary and
dynamic (precipitation sensitive) LS models as well
as reliable and cost-effective early warning systems
for monitoring mass-movements in potentially
hazardous areas. The Sendai Framework calls for
enhanced scientific and technical work on disaster
risk reduction (DRR) and its mobilization through
the coordination of existing arrays and scientific
research institutions at all levels and all regions
(Sendai Framework for Disaster Risk Reduction
2015-2030, 2015; Appliance of science key to
disaster risk reduction. UNISDR, 2015) Publi-

cations, related to LS hazard prediction, indicate
that in addition to time-independent spatial factors
(slope steepness, lithology, land cover, etc.) one
should take into consideration strong triggering
impact of intensive rainfall (Froude and Petley,
2018). Thus, there are two main directions in the
research of LS risk reduction: (i) stationary LS risk
assessment, including also long-term precipitation
data, and (ii) dynamic models of LS formation,
taking into account occurrence of intensive rainfalls
(RF). According to Kirschbaum et al. (2012), there
is a strong correlation between the number of
landslides and monthly RF values in various

regions of the world.

© 2026 Bull. Natl. Acad. Sci. Georg.
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Review of Landslide Risk Assessment
Studies

At the global scale, three main directions have
developed in recent years in the mass-movement
prediction theory: 1. Statistical mathematical
methods for temporal LS prediction founded on the
strong correlation of LS events with rainfall
intensity I/ duration D thresholds (Helmstetter and
Garambois, 2004) achieving prediction accuracies
of approximately 80% (Guzetti et. al., 2019); 2.
Machine learning (ML) approach, integrating

statistical ~ spatial and seasonal temporal
characteristics of LS in order to create stationary of
map landslide susceptibility (Merghadi et. al.,
2020; Sharma et. al., 2023); 3. Spatio-temporal
prediction of LS risk: machine learning assessed
probability of LS occurrence for a given
precipitation intensity and duration at a given
location (Liu et. al., 2024). For example, Sharma et.
al. (2024) present a stationary ML — based
assessment of LS hazard for India. The stationary
precipitation-accounting maps are important for
optimal planning of infrastructural objects. The
dynamic maps in future can predict the probability
of'the LS damaging results due to intensive RFs and

help in issuing corresponding alarm signal.

Review of Landslide Risk in the Study
Area: Georgia

Georgia belongs to one of the most vulnerable regi-
ons in the world, as it is prone to a large-scale hazar-
dous geological processes (Gaprindashvili and Van
Westen, 2015). The Duruji River basin in Eastern
Georgia is an example of mass-movements intensity.
Over the past 115 years, 37 large LS/DF were
registered in the Kakheti area with the damage
estimated at approximately 200 million USD. In
2014, catastrophic DF occurred in Dariali Canyon.
In 2015, the big LS/DF in Thbilisi region led to 20
fatalities. Accordingly, it is important to add at least
the long-term precipitation data to time-independent

spatial factors (slope steepness, lithology, land co-
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ver, etc.) in order to create stationary LS/DF hazard
map of Georgia, including the factor of precipitation.
In 2015, the stationary LS hazard and risk maps of
the country was published (Chelidze et. al., 2022),
which used spatial multi-criteria evaluation. The
map was validated using the available landslide
inventory, as well as stationary precipitation map,
namely, the maximum 5-day precipitation data

recorded for a century on the territory of Georgia.

LS Hazards Maps

LS hazard maps compiled by fuzzy logic system.
A wide variety of factors is significant in
influencing LS susceptibility and they have been
extensively studied (Guzzetti et. al., 2006). In LS
susceptibility studies, these parameters are required
to model the shear strength of soil, soil-water
interaction, soil vegetation interaction, and the
impact of anthropogenic activities. In the paper
(Chelidze et. al.,, 2022), we used one of ML
methods, namely Fuzzy Logic System (FLS) to
assess perennial precipitation factor. The resulting

map shows large LS risk in the Western Georgia.

Clasification Rules

Based on the entire dataset, each parameter (Table)
was normalized and classified on a [0, 1] scale. The
following built-in logic was applied for individual
factors.

Table. Parameters used for LS analysis and their
dimensions: features used. Resolution 20x20 m, total
by 175 million values for each unit

Parameters Units
Elevation meters
Slope degrees
Aspect degrees
Curvature -

Forest binary
Precipitation mm/year
RiverDist meters
FaultDist meters
Soil type categorical
Lithology categorical
Topographic Wetness Index (TWI) | -
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Fig. 1. Corrected and refined. The spatial distribution map of LS risk probabilities in Georgia.

Slope. In mountainous regions, the probability of
LS occurrence increases sharply with slope
steepness. The following rule is applied:
( 01ifx<2°
0.3if2° < x < 15°

Sstope(®) = 4 0.5 if 159 < x < 25°. )
l0.7 if 25° < x < 40°
0.9 if x > 40°
Elevation. Elevation influences precipitation,

temperature and soil moisture, all of which

significantly affect LS occurrence.

0.1if x <500
0.3 if 500 < x < 1500
Serer(¥) =< 0.5 if 1500 < x < 3000 . )
lo.7 if 3000 < x < 4000
0.9 if x > 4000

Distance to River (RiverDist) and Slope

0.2if s<5°
09ifd <100
0.5if d <500 °
0.1 otherwise

Sriver(d,S) = 3)

Distance to Fault (FaultDist)

0.9 if d <100
0.5if 100 < d < 500- 4
0.1,d > 500

Sfault(d) =
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Precipitation

(  02ifp<500
! 0.3 if 500 < p < 1000
Sprecip(®) =4 0.5 if 1000 < p < 1500 . 5)
0.7 if p > 1500

Forest

07if f=1

Storest(f) = 03ifd=0 - (6)

The final statistical theoretical model of LS
probability P is expressed as:

_ S Si(x;)

SHo;

where w; denotes the predefined weight (e.g.,

P @)

slope = 2.0, fault = 1.5, ...); S;(x;) is the scoring
function for each parameter.

The weights accepted are based on the publi-
shed data on the LS risk (Lee & Pradhan, 2007).
The obtained Georgia’s landslides theoretical pro-
babilistic susceptibility map is presented in Fig. 1.
At this stage, the first phase of the study was com-
pleted, during which a probabilistic LS hazard map
of Georgia was developed using 11 geophysical,
geological, and hydrological parameters within a
theoretical framework (see Table). Modern approa-
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Fig. 2. Observed 1636 LS sites in Georgia. The red dots indicate officially recorded landslides, located near populated
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Fig. 3. Refined map of LS risk probabilities in Georgia, adjusted using multi-layer perceptron (MPL) approach of
machine learning identified as the best-performing model.

ches to LS risk assessment combine statistical, pro-
babilistic, and machine learning models that rely on
multiple environmental and geophysical factors.
Reichenbach et al. (2018) emphasize that the effec-
tiveness of statistically based models largely de-
pends on data accuracy and the appropriate selec-
tion of conditioning factors. We considered it hi-
ghly beneficial to compare the developed theoreti-
cal map with actual LS-prone areas (Huang et al.,
2024). In addition to this comparison, we aimed to

Bull. Natl. Acad. Sci. Georg., 20(194), no. 2, 2026

methodologically refine the model using machine
learning techniques to construct a corrected and
updated probabilistic—theoretical map. For this pur-
pose, a database of detected LS events was utilized
(Fig. 2). To evaluate the accuracy of the final theo-
retical model (Fig. 3), we used the train_part.csv
dataset, which contains real LS locations.

At this stage, the second phase of the study was
completed, during which the theoretically derived

susceptibility map was compared with actual LS
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zones available in our database. The analysis revea-
led potential for improving model accuracy, sugge-
sting that further refinement could be achieved
through the application of machine learning

techniques.

Refined Machine Learning Models Trai-
ning Steps and Comparative Results

At the third stage, the theoretical probability map
derived from the initial model (Fig. 1) was refined
using ML algorithms. The objective was to develop
a predictive model that would more accurately
reflect actual LS occurrences and reduce the errors
inherent in the purely theoretical calculations.
Figure 3 presents the corrected and refined by
ML approach, namely, the Multi-Layer Perceptron
(MLP) model, LS susceptibility map, generated
using the results of the first stage calculations and a
real LS data for learning. The application of MLP
improved the results of the first stage assessment
(weighted factor analysis) by approximately 10%.
The computed probabilities were transformed into
a color-coded visualization, where red and yellow
tones represent high-risk zones, while green areas
indicate relatively stable regions. A shaded relief
background provides additional topographic con-
text, enhancing the visual interpretation of spatial

risk patterns.

Conclusions

The developed theoretical LS susceptibility map
serves as a powerful initial tool for this geohazard
assessment, effectively identifying areas with a
high probability of LS occurrence, especially in the

regions lacking a well-developed meteorological
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monitoring network. A three-stage methodology
was applied to assess LS probability: (1) Initial sta-
tistical assessment of LS hazard using weighted
factors analysis; (2) Comparison of the initial statis-
tical model with the map of observed LSs on the
territory of Georgia; (3) Application of machine
learning method to the results of the first-stage
assessment of LS probability for obtaining the final
map of LS hazard.

The obtained map of LS hazard can be used in
several practical contexts. It may serve as a preli-
minary LS hazard assessment map, to determine
which regions require further detailed risk investi-
gation and act as a supporting instrument for geo-
logical monitoring, either in real time or through
periodic updates; as well as a training foundation
for advanced models, enabling integration of addi-
tional environmental and remote sensing data.

Future work will focus on several directions
including the integration of dynamic climatic factors
such as precipitation and temperature; incorporation
of temporal dynamics to allow prediction of LS risk
variations across seasons or years; use of higher-
resolution dynamical and spatial data to enhance
model precision. Integration of the model outputs
into national geoinformation system (GIS) infrast-
ructures, improving accessibility and decision-

making for hazard management and spatial planning.

Acknowledgements

This work was supported by Shota Rustaveli Na-
tional Science Foundation of Georgia (SRNSFG),
Grant number FR-23-5466, “Machine Learning
Approach to the Landslide Activation Prediction

in Georgia”.



28 Tamaz Chelidze, Tengiz Kiria, Avtandil Amiranashvili...

3980035

Bsgds®Mmggermb dgfigcmgdol LsdodbHmgdol G300 dsbdsbm®o
bfsgangdols dogmadol gs0mygbgdoom

o. 39000095, m. JoM0s™, 5. 58066583000 0™, ©. Ugsbsdg™, . fedsewsdzomo™,
6. 396535930¢0™

* 53509800 f9z60, 03569 3¢535b0830¢m0l bsb. 0Bogroliol bsbyerdfognm «1bo3g@Gbodgdo, dobyog
b6m@osl bsb. 39030b030b 0bUAOAXIH0, bogstorzgcmem
03569 x535b08300¢m0L bsb. mB8ogrobol bsbyerdfogm «1bozgGbodgdo, dobgoen beaost bsb.

39%30Y030L 0bUAHOAXIH0, bogsGorz9¢me

bsgs®mzggamm dbmymomdo JOH®-9OHm y3gamsbg Y339 Gga0mbl 9093m03690s, Go% ol
90093005 b5dodo gMEMYOTYHO 3MHMEgLYdL3ID, HMIMMOES IgfYgeo. 30650sb bsgdstragg-

@b 3gfgegdol glisbgd LGsGHoLGH03IMo dmbo3g8gd0 dsEO boMOLbOLsS, AgfiyMol sedsmmdols
99L5839LgdsE g5dmyabgd e 0465 LsAsBIHMMO60 FgmMEMEIMY0s. 300391 & 33Bg g53sLc0s:
I9hgmob Lofgobo LEsGHOLEGHINMO Logmmby, 11 Fgfimbogro MmdogdEMmo 6sgdEm®mol sbsgrobol
259mygbgdom; Lsfgobo LEHGHOLGH0IMMO mEEol JJsMgds Lsds®mzgml GgModMMmosby
0533060390990 IgHYMJdOL G35L0b; Bs6JsbyMmo Lsgergdols dgommegdol gsdmygbgds dgfy-
600 LISROHPHHOL LsdMEIMM Gy30L JolsMGdS. 533HMTTo FoMdmppgbowo, Bs@s@gdwymo 33¢g-
3900l 99093900 8011000 gdL IOl 3GHMAbMBIBLS s 3306039049 3ggagdL FmeMol 356y
30O95305Dg, M3 5LEHWMOL Jgerol BsbEMMdsl s FERMEMDL 5MVBSESBLOMdEO
9dmb5399900L Jgdmbggzsdog 3o.

Bull. Natl. Acad. Sci. Georg., 20(194), no. 2, 2026



Landslide Hazard Maps of Georgia Using Machine Learning Approach 29

REFERENCES

Chelidze, T., Tsamalashvili, T., & Fandoeva, M. (2022). Mass-movement stationary hazard maps of Georgia
including precipitation triggering effect: fuzzy logic approach. Bull. Georg. Natl. Acad. Sci., 16(2), 56-63.

Froude, M. J., & Petley, D. N. (2018). Global fatal landslide occurrence from 2004 to 2016. Natural Hazards and
Earth System Sciences, 18,2161-2181. https://doi.org/10.5194/nhess-18-2161-2018

Gaprindashvili, G., & Van Westen, C. J. (2015). Generation of a national landslide hazard and risk map for the
country of Georgia. Natural Hazards, 78, 69-97. https://doi.org/10.1007/s11069-015-1958-5

Guzzetti, F., Peruccacci, S., Rossi, M., & Stark, C. P. (2019). Rainfall thresholds for the initiation of landslides in
Europe. Natural Hazards and Earth System Sciences, 19, 1379-1396. https://doi.org/10.5194/nhess-19-1379-
2019

Helmstetter, A., & Garambois, S. (2004). Rainfall-induced landslides: statistical and physical modeling. Journal of
Geophysical Research: Earth Surface, 109, FO1008. https://doi.org/10.1029/2003JF000044;
https://openlibrary.ge/bitstream/123456789/10369/5/NH%20database%20for%20Georgia.pdf

Huang, Y., Zhao, L., Li, Y., & Zhang, W. (2024). Advanced landslide susceptibility mapping using ensemble
machine learning models. Geomorphology, 457, 109126. https://doi.org/10.1016/j.geomorph.2024.109126

Kirschbaum, D. B., Adler, R., Hong, Y., Hill, S., & Lerner-Lam, A. (2012). Global distribution of extreme
precipitation and high-impact landslides. Journal of Hydrometeorology, 13, 1250-1264.
https://doi.org/10.1175/JHM-D-11-01.1

Lee, S., & Pradhan, B. (2007). Landslide hazard mapping at Selangor, Malaysia using frequency ratio and logistic
regression models. Landslides, 4, 33-41. https://doi.org/10.1007/s10346-006-0047-y

Liu, Y., Ma, S., Dong, L., Zhang, X., Chen, F., & Wang, J. (2024). A comparative study of regional rainfall-induced
landslide early warning models based on RF, CNN and MLP algorithms. Frontiers in Earth Science, 12,
1419421. https://doi.org/10.3389/feart.2024.1419421

Merghadi, A., Yunus, A. P., Dou, J., Whiteley, J., Thai Pham, B., Bui, D. T., Avtar, R., Abderrahmane, B., Pham, H.
M., & Khosravi, K. (2020). Machine learning methods for landslide susceptibility mapping: a comparative
study. Remote Sensing, 12, 2480. https://doi.org/10.3390/rs12152480

Reichenbach, P., Rossi, M., Malamud, B. D., Mihir, M., & Guzzetti, F. (2018). A review of statistically-based
landslide susceptibility models. Earth-Science Reviews, 180, 60-91.
https://doi.org/10.1016/j.earscirev.2018.03.001

Sharma, L. P., Patel, N., & Ghose, M. K. (2023). Landslide susceptibility mapping using machine learning
techniques. Natural Hazards, 118, 987-1015. https://doi.org/10.1007/s11069-023-05838-7

Sharma, N., Saharia, M., & Ramana, G. (2024). High-resolution landslide susceptibility mapping using ensemble
machine learning and geospatial big data. Catena. https://doi.org/10.1016/j.catena.2023.107653

The first natural hazard event database for the Republic of Georgia (GeNHs). Catalog, 270 p.

United Nations Office for Disaster Risk Reduction (2015). Appliance of science key to disaster risk reduction.
https://www.unisdr.org/archive/47180

United Nations Office for Disaster Risk Reduction (2015). Sendai framework for disaster risk reduction 2015-2030.
Geneva, Switzerland.

Varazanashvili, O., Gaprindashvili, G., Elizbarashvili, E., Basilashvili, T., Amiranashvili, A., & Fuchs, S. (2023). The
first natural hazard event database for the Republic of Georgia (GeNHs). Catalog, 270 p.
https://openlibrary.ge/bitstream/123456789/10369/5/NH%20database%20for%20Georgia.pdf

Received March, 2026

Bull. Natl. Acad. Sci. Georg., vol. 20(194), no. 2, 2026



	Geophysics
	Landslide Hazard Maps of Georgia Using Machine Learning Approach
	Tamaz Chelidze*,**, Tengiz Kiria**, Avtandil Amiranashvili**, David Svanadze**, Tamar Tsamalashvili**, Nodar Varamashvili**
	* Academy Member, M. Nodia Institute of Geophysics, Ivane Javakhishvili Tbilisi State University, Georgia
	** M. Nodia Institute of Geophysics, Ivane Javakhishvili Tbilisi State University, Georgia
	Abstract. Georgia belongs to one of the most vulnerable regions in the world, as it is prone to hazardous geological processes such as landslides (LS). As the statistical data on LS in Georgia are of relatively low quality, a three-stage methodology was applied for assessing LS probability. First, an initial statistical assessment of LS hazard was performed using 11 weighted objective factors. Second, the initial statistical model was compared with the map of observed LS on the territory of Georgia. Third, machine learning (ML) methods were applied to assess LS probability for obtaining the final LS hazard map. The obtained results indicate a good correlation between the model predictions and the observed data, which confirms the reliability and robustness of the proposed model, even in the case of unbalanced data. © 2026 Bull. Natl. Acad. Sci. Georg.
	Keywords: landslides, machine learning, climatic factors, hazard maps
	Introduction
	The fatality count of landslides over the past 20 years worldwide is estimated to be on the order of 60 000. Thus, it is important to create stationary and dynamic (precipitation sensitive) LS models as well as reliable and cost-effective early warning systems for monitoring mass-movements in potentially hazardous areas. The Sendai Framework calls for enhanced scientific and technical work on disaster risk reduction (DRR) and its mobilization through the coordination of existing arrays and scientific research institutions at all levels and all regions (Sendai Framework for Disaster Risk Reduction 2015-2030, 2015; Appliance of science key to disaster risk reduction. UNISDR, 2015) Publi-cations, related to LS hazard prediction, indicate that in addition to time-independent spatial factors (slope steepness, lithology, land cover, etc.) one should take into consideration strong triggering impact of intensive rainfall (Froude and Petley, 2018). Thus, there are two main directions in the research of LS risk reduction: (i) stationary LS risk assessment, including also long-term precipitation data, and (ii) dynamic models of LS formation, taking into account occurrence of intensive rainfalls (RF). According to Kirschbaum et al. (2012), there is a strong correlation between the number of landslides and monthly RF values in various regions of the world. 
	Review of Landslide Risk Assessment Studies
	At the global scale, three main directions have developed in recent years in the mass-movement prediction theory: 1. Statistical mathematical methods for temporal LS prediction founded on the strong correlation of LS events with rainfall intensity I/ duration D thresholds (Helmstetter and Garambois, 2004) achieving prediction accuracies of approximately 80% (Guzetti et. al., 2019); 2. Machine learning (ML) approach, integrating statistical spatial and seasonal temporal characteristics of LS in order to create stationary of map landslide susceptibility (Merghadi et. al., 2020; Sharma et. al., 2023); 3. Spatio-temporal prediction of LS risk: machine learning assessed probability of LS occurrence for a given precipitation intensity and duration at a given location (Liu et. al., 2024). For example, Sharma et. al. (2024) present a stationary ML ‒ based assessment of LS hazard for India. The stationary precipitation-accounting maps are important for optimal planning of infrastructural objects. The dynamic maps in future can predict the probability of the LS damaging results due to intensive RFs and help in issuing corresponding alarm signal. 
	Review of Landslide Risk in the Study Area: Georgia
	Georgia belongs to one of the most vulnerable regi-ons in the world, as it is prone to a large-scale hazar-dous geological processes (Gaprindashvili and Van Westen, 2015). The Duruji River basin in Eastern Georgia is an example of mass-movements intensity. Over the past 115 years, 37 large LS/DF were registered in the Kakheti area with the damage estimated at approximately 200 million USD. In 2014, catastrophic DF occurred in Dariali Canyon. In 2015, the big LS/DF in Tbilisi region led to 20 fatalities. Accordingly, it is important to add at least the long-term precipitation data to time-independent spatial factors (slope steepness, lithology, land co-ver, etc.) in order to create stationary LS/DF hazard map of Georgia, including the factor of precipitation. In 2015, the stationary LS hazard and risk maps of the country was published (Chelidze et. al., 2022), which used spatial multi-criteria evaluation. The map was validated using the available landslide inventory, as well as stationary precipitation map, namely, the maximum 5-day precipitation data recorded for a century on the territory of Georgia. 
	LS Hazards Maps
	LS hazard maps compiled by fuzzy logic system. A wide variety of factors is significant in influencing LS susceptibility and they have been extensively studied (Guzzetti et. al., 2006). In LS susceptibility studies, these parameters are required to model the shear strength of soil, soil–water interaction, soil vegetation interaction, and the impact of anthropogenic activities. In the paper (Chelidze et. al., 2022), we used one of ML methods, namely Fuzzy Logic System (FLS) to assess perennial precipitation factor. The resulting map shows large LS risk in the Western Georgia.
	Clasification Rules
	Based on the entire dataset, each parameter (Table) was normalized and classified on a [0, 1] scale. The following built-in logic was applied for individual factors.
	Table. Parameters used for LS analysis and their dimensions: features used. Resolution 20x20 m, total by 175 million values for each unit
	Slope. In mountainous regions, the probability of LS occurrence increases sharply with slope steepness. The following rule is applied:
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	𝑆𝐩𝐫𝐞𝐜𝐢𝐩​(𝑝)=0.2 𝑖𝑓 𝑝≤5000.3 𝑖𝑓 500<𝑝≤10000.5 𝑖𝑓 1000<𝑝≤15000.7 𝑖𝑓 𝑝>1500   .             (5)
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	𝑆𝐟𝐨𝐫𝐞𝐬𝐭f= 0.7 𝑖𝑓 𝑓=10.3 𝑖𝑓 𝑑=0   .                      6
	The final statistical theoretical model of LS probability P is expressed as:
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	where 𝜔𝑖 denotes the predefined weight (e.g., slope = 2.0, fault = 1.5, …); 𝑆𝑖𝑥𝑖 is the scoring function for each parameter.
	The weights accepted are based on the publi-shed data on the LS risk (Lee & Pradhan, 2007). The obtained Georgia’s landslides theoretical pro-babilistic susceptibility map is presented in Fig. 1. At this stage, the first phase of the study was com-pleted, during which a probabilistic LS hazard map of Georgia was developed using 11 geophysical, geological, and hydrological parameters within a theoretical framework (see Table). Modern approa-ches to LS risk assessment combine statistical, pro-babilistic, and machine learning models that rely on multiple environmental and geophysical factors. Reichenbach et al. (2018) emphasize that the effec-tiveness of statistically based models largely de-pends on data accuracy and the appropriate selec-tion of conditioning factors. We considered it hi-ghly beneficial to compare the developed theoreti-cal map with actual LS-prone areas (Huang et al., 2024). In addition to this comparison, we aimed to methodologically refine the model using machine learning techniques to construct a corrected and updated probabilistic–theoretical map. For this pur-pose, a database of detected LS events was utilized (Fig. 2). To evaluate the accuracy of the final theo-retical model (Fig. 3), we used the train_part.csv dataset, which contains real LS locations.
	At this stage, the second phase of the study was completed, during which the theoretically derived susceptibility map was compared with actual LS zones available in our database. The analysis revea-led potential for improving model accuracy, sugge-sting that further refinement could be achieved through the application of machine learning techniques. 
	Refined Machine Learning Models Trai-ning Steps and Comparative Results
	At the third stage, the theoretical probability map derived from the initial model (Fig. 1) was refined using ML algorithms. The objective was to develop a predictive model that would more accurately reflect actual LS occurrences and reduce the errors inherent in the purely theoretical calculations.
	Figure 3 presents the corrected and refined by ML approach, namely, the Multi-Layer Perceptron (MLP) model, LS susceptibility map, generated using the results of the first stage calculations and a real LS data for learning. The application of MLP improved the results of the first stage assessment (weighted factor analysis) by approximately 10%. The computed probabilities were transformed into a color-coded visualization, where red and yellow tones represent high-risk zones, while green areas indicate relatively stable regions. A shaded relief background provides additional topographic con-text, enhancing the visual interpretation of spatial risk patterns.
	Conclusions
	The developed theoretical LS susceptibility map serves as a powerful initial tool for this geohazard assessment, effectively identifying areas with a high probability of LS occurrence, especially in the regions lacking a well-developed meteorological monitoring network. A three-stage methodology was applied to assess LS probability: (1) Initial sta-tistical assessment of LS hazard using weighted factors analysis; (2) Comparison of the initial statis-tical model with the map of observed LSs on the territory of Georgia; (3) Application of machine learning method to the results of the first-stage assessment of LS probability for obtaining the final map of LS hazard. 
	The obtained map of LS hazard can be used in several practical contexts. It may serve as a preli-minary LS hazard assessment map, to determine which regions require further detailed risk investi-gation and act as a supporting instrument for geo-logical monitoring, either in real time or through periodic updates; as well as a training foundation for advanced models, enabling integration of addi-tional environmental and remote sensing data.
	Future work will focus on several directions including the integration of dynamic climatic factors such as precipitation and temperature; incorporation of temporal dynamics to allow prediction of LS risk variations across seasons or years; use of higher-resolution dynamical and spatial data to enhance model precision. Integration of the model outputs into national geoinformation system (GIS) infrast-ructures, improving accessibility and decision-making for hazard management and spatial planning.
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[bookmark: OLE_LINK1]Abstract. Georgia belongs to one of the most vulnerable regions in the world, as it is prone to hazardous geological processes such as landslides (LS). As the statistical data on LS in Georgia are of relatively low quality, a three-stage methodology was applied for assessing LS probability. First, an initial statistical assessment of LS hazard was performed using 11 weighted objective factors. Second, the initial statistical model was compared with the map of observed LS on the territory of Georgia. Third, machine learning (ML) methods were applied to assess LS probability for obtaining the final LS hazard map. The obtained results indicate a good correlation between the model predictions and the observed data, which confirms the reliability and robustness of the proposed model, even in the case of unbalanced data. © 2026 Bull. Natl. Acad. Sci. Georg.
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Introduction

The fatality count of landslides over the past 20 years worldwide is estimated to be on the order of 60 000. Thus, it is important to create stationary and dynamic (precipitation sensitive) LS models as well as reliable and cost-effective early warning systems for monitoring mass-movements in potentially hazardous areas. The Sendai Framework calls for enhanced scientific and technical work on disaster risk reduction (DRR) and its mobilization through the coordination of existing arrays and scientific research institutions at all levels and all regions (Sendai Framework for Disaster Risk Reduction 2015-2030, 2015; Appliance of science key to disaster risk reduction. UNISDR, 2015) Publi-
cations, related to LS hazard prediction, indicate that in addition to time-independent spatial factors (slope steepness, lithology, land cover, etc.) one should take into consideration strong triggering impact of intensive rainfall (Froude and Petley, 2018). Thus, there are two main directions in the research of LS risk reduction: (i) stationary LS risk assessment, including also long-term precipitation data, and (ii) dynamic models of LS formation, taking into account occurrence of intensive rainfalls (RF). According to Kirschbaum et al. (2012), there is a strong correlation between the number of landslides and monthly RF values in various regions of the world. 



Review of Landslide Risk Assessment Studies

At the global scale, three main directions have developed in recent years in the mass-movement prediction theory: 1. Statistical mathematical methods for temporal LS prediction founded on the strong correlation of LS events with rainfall intensity I/ duration D thresholds (Helmstetter and Garambois, 2004) achieving prediction accuracies of approximately 80% (Guzetti et. al., 2019); 2. Machine learning (ML) approach, integrating statistical spatial and seasonal temporal characteristics of LS in order to create stationary of map landslide susceptibility (Merghadi et. al., 2020; Sharma et. al., 2023); 3. Spatio-temporal prediction of LS risk: machine learning assessed probability of LS occurrence for a given precipitation intensity and duration at a given location (Liu et. al., 2024). For example, Sharma et. al. (2024) present a stationary ML ‒ based assessment of LS hazard for India. The stationary precipitation-accounting maps are important for optimal planning of infrastructural objects. The dynamic maps in future can predict the probability of the LS damaging results due to intensive RFs and help in issuing corresponding alarm signal. 



Review of Landslide Risk in the Study Area: Georgia

Georgia belongs to one of the most vulnerable regi-
ons in the world, as it is prone to a large-scale hazar-
dous geological processes (Gaprindashvili and Van Westen, 2015). The Duruji River basin in Eastern Georgia is an example of mass-movements intensity. Over the past 115 years, 37 large LS/DF were registered in the Kakheti area with the damage estimated at approximately 200 million USD. In 2014, catastrophic DF occurred in Dariali Canyon. In 2015, the big LS/DF in Tbilisi region led to 20 fatalities. Accordingly, it is important to add at least the long-term precipitation data to time-independent spatial factors (slope steepness, lithology, land co-
ver, etc.) in order to create stationary LS/DF hazard map of Georgia, including the factor of precipitation. In 2015, the stationary LS hazard and risk maps of the country was published (Chelidze et. al., 2022), which used spatial multi-criteria evaluation. The map was validated using the available landslide inventory, as well as stationary precipitation map, namely, the maximum 5-day precipitation data recorded for a century on the territory of Georgia. 



LS Hazards Maps

LS hazard maps compiled by fuzzy logic system. A wide variety of factors is significant in influencing LS susceptibility and they have been extensively studied (Guzzetti et. al., 2006). In LS susceptibility studies, these parameters are required to model the shear strength of soil, soil–water interaction, soil vegetation interaction, and the impact of anthropogenic activities. In the paper (Chelidze et. al., 2022), we used one of ML methods, namely Fuzzy Logic System (FLS) to assess perennial precipitation factor. The resulting map shows large LS risk in the Western Georgia.



Clasification Rules

Based on the entire dataset, each parameter (Table) was normalized and classified on a [0, 1] scale. The following built-in logic was applied for individual factors.



Table. Parameters used for LS analysis and their dimensions: features used. Resolution 20x20 m, total by 175 million values for each unit

		Parameters

		Units



		Elevation

		meters



		Slope

		degrees



		Aspect

		degrees



		Curvature

		–



		Forest

		binary



		Precipitation

		mm/year



		RiverDist

		meters



		FaultDist

		meters



		Soil type

		categorical



		Lithology

		categorical



		Topographic Wetness Index (TWI)

		-





Slope. In mountainous regions, the probability of LS occurrence increases sharply with slope steepness. The following rule is applied:[image: ]

Fig. 1. Corrected and refined. The spatial distribution map of LS risk probabilities in Georgia.





Elevation. Elevation influences precipitation, temperature and soil moisture, all of which significantly affect LS occurrence.



Distance to River (RiverDist) and Slope



Distance to Fault (FaultDist)





Precipitation



Forest



The final statistical theoretical model of LS probability P is expressed as:



where  denotes the predefined weight (e.g., 
slope = 2.0, fault = 1.5, …); is the scoring function for each parameter.

The weights accepted are based on the publi-
shed data on the LS risk (Lee & Pradhan, 2007). The obtained Georgia’s landslides theoretical pro-
babilistic susceptibility map is presented in Fig. 1. At this stage, the first phase of the study was com-
pleted, during which a probabilistic LS hazard map of Georgia was developed using 11 geophysical, geological, and hydrological parameters within a theoretical framework (see Table). Modern approa-
ches to LS risk assessment combine statistical, pro-
babilistic, and machine learning models that rely on multiple environmental and geophysical factors. Reichenbach et al. (2018) emphasize that the effec-
tiveness of statistically based models largely de-
pends on data accuracy and the appropriate selec-
tion of conditioning factors. We considered it hi-
ghly beneficial to compare the developed theoreti-
cal map with actual LS-prone areas (Huang et al., 2024). In addition to this comparison, we aimed to methodologically refine the model using machine learning techniques to construct a corrected and updated probabilistic–theoretical map. For this pur-
pose, a database of detected LS events was utilized (Fig. 2). To evaluate the accuracy of the final theo-
retical model (Fig. 3), we used the train_part.csv dataset, which contains real LS locations.[image: ]

Fig. 2. Observed 1636 LS sites in Georgia. The red dots indicate officially recorded landslides, located near populated areas. Data from catalog (Varazanashvili et. al., 2023).

[image: ]

Fig. 3. Refined map of LS risk probabilities in Georgia, adjusted using multi-layer perceptron (MPL) approach of machine learning identified as the best-performing model.



At this stage, the second phase of the study was completed, during which the theoretically derived susceptibility map was compared with actual LS zones available in our database. The analysis revea-
led potential for improving model accuracy, sugge-
sting that further refinement could be achieved through the application of machine learning techniques. 



Refined Machine Learning Models Trai-
ning Steps and Comparative Results

At the third stage, the theoretical probability map derived from the initial model (Fig. 1) was refined using ML algorithms. The objective was to develop a predictive model that would more accurately reflect actual LS occurrences and reduce the errors inherent in the purely theoretical calculations.

Figure 3 presents the corrected and refined by ML approach, namely, the Multi-Layer Perceptron (MLP) model, LS susceptibility map, generated using the results of the first stage calculations and a real LS data for learning. The application of MLP improved the results of the first stage assessment (weighted factor analysis) by approximately 10%. The computed probabilities were transformed into a color-coded visualization, where red and yellow tones represent high-risk zones, while green areas indicate relatively stable regions. A shaded relief background provides additional topographic con-
text, enhancing the visual interpretation of spatial risk patterns.



Conclusions

The developed theoretical LS susceptibility map serves as a powerful initial tool for this geohazard assessment, effectively identifying areas with a high probability of LS occurrence, especially in the regions lacking a well-developed meteorological monitoring network. A three-stage methodology was applied to assess LS probability: (1) Initial sta-
tistical assessment of LS hazard using weighted factors analysis; (2) Comparison of the initial statis-
tical model with the map of observed LSs on the territory of Georgia; (3) Application of machine learning method to the results of the first-stage assessment of LS probability for obtaining the final map of LS hazard. 

The obtained map of LS hazard can be used in several practical contexts. It may serve as a preli-
minary LS hazard assessment map, to determine which regions require further detailed risk investi-
gation and act as a supporting instrument for geo-
logical monitoring, either in real time or through periodic updates; as well as a training foundation for advanced models, enabling integration of addi-
tional environmental and remote sensing data.

Future work will focus on several directions including the integration of dynamic climatic factors such as precipitation and temperature; incorporation of temporal dynamics to allow prediction of LS risk variations across seasons or years; use of higher-resolution dynamical and spatial data to enhance model precision. Integration of the model outputs into national geoinformation system (GIS) infrast-
ructures, improving accessibility and decision-making for hazard management and spatial planning.



Acknowledgements 

saqarTvelos mecnierebaTa erovnuli akademiis moambe, t. 19(193), #3, 2025

BULLETIN OF THE GEORGIAN NATIONAL ACADEMY OF SCIENCES, vol. 19(193), no. 3, 2025

2	Tamaz Chelidze, Tengiz Kiria, Avtandil Amiranashvili…

Landslide Hazard Maps of Georgia Using Machine Learning Approach 	3

This work was supported by Shota Rustaveli Na-
tional Science Foundation of Georgia (SRNSFG), Grant number FR-23-5466, “Machine Learning Approach to the Landslide Activation Prediction in Georgia”.

© 2025  Bull. Georg. Natl. Acad. Sci.

Bull. Natl. Acad. Sci. Georg., 20(194), no. 2, 2026

Bull. Natl. Acad. Sci. Georg., vol. 20(194), no. 2, 2026






გეოფიზიკა

საქართველოს მეწყრების საშიშროების რუკები მანქანური სწავლების მიდგომის გამოყენებით

თ. ჭელიძე*,**, თ. ქირია**, ა. ამირანაშვილი**, დ. სვანაძე**, თ. წამალაშვილი**, ნ. ვარამაშვილი**

* აკადემიის წევრი, ივანე ჯავახიშვილის სახ. თბილისის სახელმწიფო უნივერსიტეტი, მიხეილ ნოდიას სახ. გეოფიზიკის ინსტიტუტი, საქართველო 

** ივანე ჯავახიშვილის სახ. თბილისის სახელმწიფო უნივერსიტეტი, მიხეილ ნოდიას სახ. გეოფიზიკის ინსტიტუტი, საქართველო

საქართველო მსოფლიოში ერთ-ერთ ყველაზე დაუცველ რეგიონს მიეკუთვნება, რადგან ის მიდრეკილია საშიში გეოლოგიური პროცესებისკენ, როგორიცაა მეწყერი. ვინაიდან საქართვე-
ლოს მეწყრების შესახებ სტატისტიკური მონაცემები დაბალი ხარისხისაა, მეწყრის ალბათობის შესაფასებლად გამოყენებულ იქნა სამსაფეხურიანი მეთოდოლოგია. პირველ ეტაპზე შეფასდა: მეწყრის საწყისი სტატისტიკური საფრთხე, 11 შეწონილი ობიექტური ფაქტორის ანალიზის გამოყენებით; საწყისი სტატისტიკური მოდელის შედარება საქართველოს ტერიტორიაზე დაკვირვებული მეწყრების რუკასთან; მანქანური სწავლების მეთოდების გამოყენება მეწყ-
რული საფრთხის საბოლოო რუკის მისაღებად. ნაშრომში წარმოდგენილი, ჩატარებული კვლე-
ვების შედეგები მიუთითებს მოდელის პროგნოზებსა და დაკვირვებულ შედეგებს შორის კარგ კორელაციაზე, რაც ადასტურებს მოდელის სანდოობას და მდგრადობას არაბალანსირებული მონაცემების შემთხვევაშიც კი.




References

Chelidze, T., Tsamalashvili, T., & Fandoeva, M. (2022). Mass-movement stationary hazard maps of Georgia including precipitation triggering effect: fuzzy logic approach. Bull. Georg. Natl. Acad. Sci., 16(2), 56-63.

Froude, M. J., & Petley, D. N. (2018). Global fatal landslide occurrence from 2004 to 2016. Natural Hazards and Earth System Sciences, 18, 2161-2181. https://doi.org/10.5194/nhess-18-2161-2018

Gaprindashvili, G., & Van Westen, C. J. (2015). Generation of a national landslide hazard and risk map for the country of Georgia. Natural Hazards, 78, 69-97. https://doi.org/10.1007/s11069-015-1958-5

Guzzetti, F., Peruccacci, S., Rossi, M., & Stark, C. P. (2019). Rainfall thresholds for the initiation of landslides in Europe. Natural Hazards and Earth System Sciences, 19, 1379-1396. https://doi.org/10.5194/nhess-19-1379-2019

Helmstetter, A., & Garambois, S. (2004). Rainfall-induced landslides: statistical and physical modeling. Journal of Geophysical Research: Earth Surface, 109, F01008. https://doi.org/10.1029/2003JF000044; https://openlibrary.ge/bitstream/123456789/10369/5/NH%20database%20for%20Georgia.pdf

Huang, Y., Zhao, L., Li, Y., & Zhang, W. (2024). Advanced landslide susceptibility mapping using ensemble machine learning models. Geomorphology, 457, 109126. https://doi.org/10.1016/j.geomorph.2024.109126

Kirschbaum, D. B., Adler, R., Hong, Y., Hill, S., & Lerner-Lam, A. (2012). Global distribution of extreme precipitation and high-impact landslides. Journal of Hydrometeorology, 13, 1250-1264. https://doi.org/10.1175/JHM-D-11-01.1

Lee, S., & Pradhan, B. (2007). Landslide hazard mapping at Selangor, Malaysia using frequency ratio and logistic regression models. Landslides, 4, 33-41. https://doi.org/10.1007/s10346-006-0047-y

Liu, Y., Ma, S., Dong, L., Zhang, X., Chen, F., & Wang, J. (2024). A comparative study of regional rainfall-induced landslide early warning models based on RF, CNN and MLP algorithms. Frontiers in Earth Science, 12, 1419421. https://doi.org/10.3389/feart.2024.1419421

Merghadi, A., Yunus, A. P., Dou, J., Whiteley, J., Thai Pham, B., Bui, D. T., Avtar, R., Abderrahmane, B., Pham, H. M., & Khosravi, K. (2020). Machine learning methods for landslide susceptibility mapping: a comparative study. Remote Sensing, 12, 2480. https://doi.org/10.3390/rs12152480

Reichenbach, P., Rossi, M., Malamud, B. D., Mihir, M., & Guzzetti, F. (2018). A review of statistically-based landslide susceptibility models. Earth-Science Reviews, 180, 60-91. https://doi.org/10.1016/j.earscirev.2018.03.001

Sharma, L. P., Patel, N., & Ghose, M. K. (2023). Landslide susceptibility mapping using machine learning techniques. Natural Hazards, 118, 987–1015. https://doi.org/10.1007/s11069-023-05838-7

Sharma, N., Saharia, M., & Ramana, G. (2024). High-resolution landslide susceptibility mapping using ensemble machine learning and geospatial big data. Catena. https://doi.org/10.1016/j.catena.2023.107653

The first natural hazard event database for the Republic of Georgia (GeNHs). Catalog, 270 p.

United Nations Office for Disaster Risk Reduction (2015). Appliance of science key to disaster risk reduction. https://www.unisdr.org/archive/47180

United Nations Office for Disaster Risk Reduction (2015). Sendai framework for disaster risk reduction 2015-2030. Geneva, Switzerland.

Varazanashvili, O., Gaprindashvili, G., Elizbarashvili, E., Basilashvili, T., Amiranashvili, A., & Fuchs, S. (2023). The first natural hazard event database for the Republic of Georgia (GeNHs). Catalog, 270 p. https://openlibrary.ge/bitstream/123456789/10369/5/NH%20database%20for%20Georgia.pdf

Received March, 2026

image1.tif

Axiiqeqoid spiispue) pajeinafed

© <
o o

1.0
0.8
0.2
0.0

50






image10.tif

Axiiqeqoid spiispue) pajeinafed

© <
o o

1.0
0.8
0.2
0.0

50






image2.tif

® Landslide locations
@ Major cities Turkey

0 25 50 75 100 125km
N N .







image3.tif

1.0

0.8

0.6

Calculated landslide probability






image20.tif

® Landslide locations
@ Major cities Turkey

0 25 50 75 100 125km
N N .







image30.tif

1.0

0.8

0.6

Calculated landslide probability







<<

  /ASCII85EncodePages false

  /AllowTransparency false

  /AutoPositionEPSFiles true

  /AutoRotatePages /None

  /Binding /Left

  /CalGrayProfile (Dot Gain 20%)

  /CalRGBProfile (sRGB IEC61966-2.1)

  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)

  /sRGBProfile (sRGB IEC61966-2.1)

  /CannotEmbedFontPolicy /Error

  /CompatibilityLevel 1.4

  /CompressObjects /Tags

  /CompressPages true

  /ConvertImagesToIndexed true

  /PassThroughJPEGImages true

  /CreateJobTicket false

  /DefaultRenderingIntent /Default

  /DetectBlends true

  /DetectCurves 0.0000

  /ColorConversionStrategy /CMYK

  /DoThumbnails false

  /EmbedAllFonts true

  /EmbedOpenType false

  /ParseICCProfilesInComments true

  /EmbedJobOptions true

  /DSCReportingLevel 0

  /EmitDSCWarnings false

  /EndPage -1

  /ImageMemory 1048576

  /LockDistillerParams false

  /MaxSubsetPct 100

  /Optimize true

  /OPM 1

  /ParseDSCComments true

  /ParseDSCCommentsForDocInfo true

  /PreserveCopyPage true

  /PreserveDICMYKValues true

  /PreserveEPSInfo true

  /PreserveFlatness true

  /PreserveHalftoneInfo false

  /PreserveOPIComments true

  /PreserveOverprintSettings true

  /StartPage 1

  /SubsetFonts true

  /TransferFunctionInfo /Apply

  /UCRandBGInfo /Preserve

  /UsePrologue false

  /ColorSettingsFile ()

  /AlwaysEmbed [ true

  ]

  /NeverEmbed [ true

  ]

  /AntiAliasColorImages false

  /CropColorImages true

  /ColorImageMinResolution 300

  /ColorImageMinResolutionPolicy /OK

  /DownsampleColorImages true

  /ColorImageDownsampleType /Bicubic

  /ColorImageResolution 300

  /ColorImageDepth -1

  /ColorImageMinDownsampleDepth 1

  /ColorImageDownsampleThreshold 1.50000

  /EncodeColorImages true

  /ColorImageFilter /DCTEncode

  /AutoFilterColorImages true

  /ColorImageAutoFilterStrategy /JPEG

  /ColorACSImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /ColorImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /JPEG2000ColorACSImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /JPEG2000ColorImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /AntiAliasGrayImages false

  /CropGrayImages true

  /GrayImageMinResolution 300

  /GrayImageMinResolutionPolicy /OK

  /DownsampleGrayImages true

  /GrayImageDownsampleType /Bicubic

  /GrayImageResolution 300

  /GrayImageDepth -1

  /GrayImageMinDownsampleDepth 2

  /GrayImageDownsampleThreshold 1.50000

  /EncodeGrayImages true

  /GrayImageFilter /DCTEncode

  /AutoFilterGrayImages true

  /GrayImageAutoFilterStrategy /JPEG

  /GrayACSImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /GrayImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /JPEG2000GrayACSImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /JPEG2000GrayImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /AntiAliasMonoImages false

  /CropMonoImages true

  /MonoImageMinResolution 1200

  /MonoImageMinResolutionPolicy /OK

  /DownsampleMonoImages true

  /MonoImageDownsampleType /Bicubic

  /MonoImageResolution 1200

  /MonoImageDepth -1

  /MonoImageDownsampleThreshold 1.50000

  /EncodeMonoImages true

  /MonoImageFilter /CCITTFaxEncode

  /MonoImageDict <<

    /K -1

  >>

  /AllowPSXObjects false

  /CheckCompliance [

    /None

  ]

  /PDFX1aCheck false

  /PDFX3Check false

  /PDFXCompliantPDFOnly false

  /PDFXNoTrimBoxError true

  /PDFXTrimBoxToMediaBoxOffset [

    0.00000

    0.00000

    0.00000

    0.00000

  ]

  /PDFXSetBleedBoxToMediaBox true

  /PDFXBleedBoxToTrimBoxOffset [

    0.00000

    0.00000

    0.00000

    0.00000

  ]

  /PDFXOutputIntentProfile ()

  /PDFXOutputConditionIdentifier ()

  /PDFXOutputCondition ()

  /PDFXRegistryName ()

  /PDFXTrapped /False



  /CreateJDFFile false

  /Description <<



    /BGR <>

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>

    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>

    /CZE <>

    /DAN <>

    /DEU <>

    /ESP <>

    /ETI <>

    /FRA <>

    /GRE <>



    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)

    /HUN <>

    /ITA <>

    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>

    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>

    /LTH <>

    /LVI <>

    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)

    /NOR <>

    /POL <>

    /PTB <>

    /RUM <>

    /RUS <>

    /SKY <>

    /SLV <>

    /SUO <>

    /SVE <>

    /TUR <>

    /UKR <>

    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)

  >>

  /Namespace [

    (Adobe)

    (Common)

    (1.0)

  ]

  /OtherNamespaces [

    <<

      /AsReaderSpreads false

      /CropImagesToFrames true

      /ErrorControl /WarnAndContinue

      /FlattenerIgnoreSpreadOverrides false

      /IncludeGuidesGrids false

      /IncludeNonPrinting false

      /IncludeSlug false

      /Namespace [

        (Adobe)

        (InDesign)

        (4.0)

      ]

      /OmitPlacedBitmaps false

      /OmitPlacedEPS false

      /OmitPlacedPDF false

      /SimulateOverprint /Legacy

    >>

    <<

      /AddBleedMarks false

      /AddColorBars false

      /AddCropMarks false

      /AddPageInfo false

      /AddRegMarks false

      /ConvertColors /ConvertToCMYK

      /DestinationProfileName ()

      /DestinationProfileSelector /DocumentCMYK

      /Downsample16BitImages true

      /FlattenerPreset <<

        /PresetSelector /MediumResolution

      >>

      /FormElements false

      /GenerateStructure false

      /IncludeBookmarks false

      /IncludeHyperlinks false

      /IncludeInteractive false

      /IncludeLayers false

      /IncludeProfiles false

      /MultimediaHandling /UseObjectSettings

      /Namespace [

        (Adobe)

        (CreativeSuite)

        (2.0)

      ]

      /PDFXOutputIntentProfileSelector /DocumentCMYK

      /PreserveEditing true

      /UntaggedCMYKHandling /LeaveUntagged

      /UntaggedRGBHandling /UseDocumentProfile

      /UseDocumentBleed false

    >>

  ]

>> setdistillerparams

<<

  /HWResolution [2400 2400]

  /PageSize [612.000 792.000]

>> setpagedevice



