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Аннотация: В северо-восточном регионе Кубы оползни часто встречаются в районах с 
разрабатываемыми и перспективными месторождениями полезных ископаемых. Оценка 
опасности оползней имеет большое значение для будущего прогнозирования задач гео-
логической разведки и обеспечения безопасности при добыче полезных ископаемых. Для 
оценки опасности оползней на северо-востоке Кубы была представлена статистическая 
модель, интегрированная с 6 предикторами. Анализируемыми предикторами были сред-
негодовое количество осадков, угол наклона, высота, тип почвы, расстояние до разломов 
и тип горной породы. Модель была разработана с использованием метода мультиноми-
альной логистической регрессии. Для проверки модели использовался кадастр оползней 
в этом районе. Результаты показали, что для набора данных, использованных для созда-
ния модели, предикторные переменные «Среднегодовое количество осадков», «Угол на-
клона» и «Тип горной породы» оказывают статистически значимое влияние на изменение 
категории опасности. Скорректированная статистическая модель показала, что оползни 
имеют высокую вероятность возникновения в зонах «высокой» и «очень высокой» опас-
ности, на северо-востоке Кубы, в эксплуатационных зонах и перспективных районах.
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Abstract: In the northeastern region of Cuba, the landslides are frequent in areas with mineral 
deposits in exploitation and prospective areas of mineral deposits. The assessment of the threat 
of landslides is of great importance for the future projection of geological exploration tasks 
and for the safety in the extraction of mineral resources. A statistical model, integrated with
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Introduction
Mining activities require special re-

quirements for the operation of mineral 
exploitation to ensure safe operation. By 
considering information on hazardous ge-
ological events in mining areas, the accu-
racy of technical assessments of a mining 
project can be improved [1, 2, 3]. In Cuba, 
there are regulations that dictate the carry-
ing out of geological risk assessments be-
fore starting mining activities According to 
the Cuban Ministry of Energy and Mines. 
Landslide risk forecasting and zonation 
prior to geological exploration of mineral 
deposits is essential for future risk manage-
ment, strategic planning, environmental 
sustainability and occupational safety [4]. 
Integrating this information into the plan-
ning of mining projects is essential for the 
responsible and successful development  
of the mining industry.

By detecting phenomena such as land-
slides or ground deformations early, pre-
ventive measures can be taken to reduce 
the risks associated with mining explora-
tion [5, 6]. This not only helps avoid ac-
cidents, but can also prevent significant 
financial losses by anticipating problems 
and taking corrective action.

The landslides hazard in mining areas 
is closely linked to the physical-mechani-
cal properties of the rock massif [7, 8], cli-
matic factors [9, 10], engineering-geologi- 
cal [11], geomorphological [12, 13], and 
topographical, influence the instability in 
mining areas [14]. 

This is why it is important to use moni-
toring techniques that contribute to main-
taining a balance between the exploitation 
of resources and the conservation of the 
environment to mitigate the impacts of 
these natural or induced phenomena, as a 
result of the work to exploit the resources 
minerals [15, 16, 17].

In recent years, Geographic Information 
System (GIS) technologies and remote sen- 
sing have been powerful tools for visuali-
zation, analysis and simulations that take 
into account a large number of factors that 
influence processes and objects [18, 19]. 

The use of probabilistic methods [20] 
and logistic regression methods [21] and 
logistic regression methods [22, 23, 24], 
among others, with the help of GIS and 
remote sensing for landslide hazard fore-
casting, are widely used in engineering-
geological evaluation and zoning of dif- 
ferent phenomena [25].

6 predictors, was presented to estimate the threat of landslides in northeastern Cuba. The pre-
dictors analyzed were average annual rainfall, slope angle, elevation, soil type, distance to 
faults, and rock type. The model was developed using the multinomial logistic regression meth-
od. To validate the model, an inventory of landslides in the area was used. The results showed 
that, for the data set used to establish the model, the predictor variables "Average annual rain-
fall", "Slope angle" and "Rock type" have statistically significant effects on the change in the 
hazard category. The adjusted statistical model showed that landslides have a high probability 
of occurring in the “High” and “Very High” danger zones, in the northeast of Cuba and in its 
exploitation zones and prospective areas.
Key words: multinomial logistic regression, landslides, landslide hazard, predictors, northeast-
ern Cuba, perspective areas, mineral deposits, statistical model, soil deformation, mining.
For citation: Pospehov G. B., Savón-Vaciano Yusmira Landslide hazard assessment in pre-
liminary exploration of mineral deposits in north-eastern Cuba. MIAB. Mining Inf. Anal. Bull. 
2024;(12-1):178-192. DOI: 10.25018/0236_1493_2024_121_0_178.
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The objective of this study is to carry 
out an analysis with 6 predictor variables to 
determine models for predicting the land-
slide hazard in the northeastern part of the 
Republic of Cuba, using the Multinomial 
Logistic Regression Method (MNLR).

Study Area
The study area is the northeastern part 

of Cuba, which includes 75% of the Guan- 
tánamo province and the Moa municipal-
ity of the Holguín province. This territory 
is part of the Nipe-Sagua-Baracoa range. 
This massif is the easternmost mountain 
massif in Cuba distributed between the 
provinces of Guantánamo, Santiago de Cuba 
and Holguín. The most significant feature 
of this area is its geographical physical 
complexity, which has conditioned a great 
variety of natural landscapes with great 
biological diversity and high floristic and 
faunal endemism. Climate is one of the 
most influential phenomena; Towards the 
North and Northeast, the highest values 
of rainfall in the country are reported with 
more than 3600 mm/year. The relief is pre-
dominantly mountainous. The geological 
structure is formed by a system of sunken 
and emerged blocks developed during the 

island's shelf period in which rocks of met-
amorphic and volcanic origin stand out.

Mining in northeastern Cuba
In the northeastern region of Cuba there 

are many mineral deposits and prospective 
mining areas (Fig.  1). The northeastern 
region of Cuba contains numerous mine- 
ral deposits and promising mining areas 
(Fig. 1). The mining industry in northeast-
ern Cuba was most developed between 
1975 and 1989 due to cooperation with the 
former Soviet Union and Eastern European 
countries, which contributed to the devel-
opment of the nickel industry, which ac-
counted for 6% of total mining exports 
worth more than $317.4 million according 
to the National Institute of Statistics and 
Information, reaching an export volume of 
5,145.1 Mt in 2021 according to the In- 
ternational Energy Agency (IEA). 

The region has high levels of reserves 
and production of so-called critical mine- 
rals [26] including nickel, cobalt, chromi- 
um and manifestations of others such as 
copper, which play a fundamental role in 
the energy transition as key inputs for elec-
trification, electric mobility and digitaliza-
tion [27].

Fig. 1. Geographic location of the study area [compiled by author]
Рис. 1. Географическое положение района исследования [составлено автором]
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Taking into account the complexity of 
the topographical, engineering-geological 
and climatic characteristics, among others, 
in the northeastern part of Cuba, danger-
ous geological processes are accelerated, 
such as landslides, which may in the fu-
ture complicate the conditions for the pre-
liminary exploration of deposits. In Cuba, 
foreseeing risk situations due to the oc-
currence of geological phenomena is con-
templated in Law No. 76, "Mining Law", 
which establishes the general principles for 
the prospection, exploration, exploitation, 
processing and commercialization of mine- 
ral resources in Cuba and Decree-Law 
No. 226 "Mining Code" and the Mining 
Law, which regulate the technical and le-
gal aspects of the mining activity, includ-
ing issues such as safety and risk assess-
ments of any nature in the exploration and 
exploitation of mineral resources [28]. 

Materials and methods
The first step in analyzing the landslide 

hazard in the northeastern part of Cuba 
was the collection, preparation, processing 
and analysis of existing information. The 
flow diagram is shown in Fig. 2.

Landslide inventory
Landslide inventory maps are consid-

ered essential for studying the relationship 
between landslides and the factors influ-
encing them. The main source of the in-
ventory information used in the study was 
Sentinel 2A satellite imagery [29].

Landslide predictors factors
Information of topographic nature was 

collected, prepared and analyzed: slope 
angle and elevation; rock type, distance 
to faults, soil texture and average annual 
rainfall were also analyzed.

Different data sources were used for the 
creation of the thematic layers. The analy-
sis included the geological map at a scale 
of 1:100,000 from the Institute of Geology 
and Palaeontology of Cuba and the soil 
texture at a scale of 1:100,000 from the 
Institute of Soils of Cuba.

In this study, all ranges were establi- 
shed for the predictors involved, which are 
shown in Table 1. In the analysis, each of 
the thematic maps was validated with the 
landslide inventory [29], and the analy-
ses were established using the example of 
landslides occurring in mining areas.

Fig. 2. Scheme of the research methodology [compiled by author]
Рис. 2. Схема методологии исследования [составлено автором]
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Nominal logistic regression
Multinomial logistic regression (MNLR) 

was used to forecast landslide hazard. This 
is a variation of multiple regression that is 
used to predict categorical variables con-
taining more than two categories based 
on a set of multiple independent variables 
[30, 31]. The independent variables that 
make up the study can be continuous, dis-
crete, or both. Landslide hazard class is a 
categorical response variable, so MNLR 
may be suitable for estimating the increase 
or decrease in landslide hazard from the 
evaluation of climatic, topographic and en-
gineering-geological data. Unlike logistic 

regression, which has only one logit equa-
tion, MNLR can have multiple logit equa-
tions [32], where logit is a logarithmic 
function that shows the ratio of the proba-
bility (P(Y = k)) that a given pixel belongs 
to a specific category or class by the proba-
bility of the reference category (P(Y = K)) 
and is expressed as:

logit
P Y k
P Y K

Xi nk n�
�
�

�

�
�

�

�
� � �ln

( )
( )

� �0 ,

where β0 is a constant and the intercept of; 
βnk are the regression coefficients associ- 
ated to the predictor variables with n = 1, 
2, …, n—1; Xn are the predictor variables. 

Table 1
Analyzed predictors and their description [compiled by authors]
Анализируемые предикторы и их описание [составлено авторами]

Predictor Predictor Class Rank Importance  
for instability

Slope angle (°)

0—14 1 low
14—22 2 medium
22—32 3 high
32—69 4 very high

Elevation (m)

0—150 1 low
150—300 2 médium 
300—500 3 high 

> 500 4 very high

Distance to fault (m)
> 500 1 low
< 500 2 high

Soil type

other types of soil 1 low
loam 2 medium

clay–loam 3 high
clayey 4 very high

Type of rocks

vitreous and zeolitized tuffs, massive limestones 1 low
marls, brecciated serpentines, hard shales 2 medium

conglomerates, breccias, sandstones 3 high
soft schists, weathering crust, highly deformed 

and cracked rocks
4 very high

Average annual 
rainfall (mm)

< 400 1 low
400—1000 2 medium
1000—2000 3 high

> 2000 4 very high
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From this equation one can determine 
the probability that in space a pixel may 
belong to a specific class (k), by the fol-
lowing mathematical expression
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is the summation of the exponentials of 
the equations obtained for each of the 
categories. This formula ensures that the 
probabilities sum to 1 for all possible ca- 
tegories. The probability models of the 
landslide hazard categories were entered 
into the ArcGIS raster calculator to pro- 
duce a map showing the probability of 
landslide hazard existence at each pixel.

Results and discussion
The information was analysed to deter-

mine the relationship between the depend-
ent variables and their predictor variables, 
using the multinomial logistic regression 
model, taking into account an inventory of 
670 landslides that occurred in the study 
area [33—35]. Sixty-two percent of the 
inventoried landslides are distributed in 
the "High" and "Very high" hazard classes 
(Table 2).

Table 3 shows three analyses, represen- 
ting the odds ratio between landslide ha- 

zard and the selected predictor variables, 
and the corresponding equation for each 
category. The hazard class "Very high" was 
taken as the reference variable and com- 
pared with the categories "High", "Medi- 
um" and "Low". By analysing the "Z" and 
"P" values we can infer that for the first 
analysis the predictor variables "Average 
annual rainfall", "Slope angle", "Elevation" 
and "Rock type" have statistically signifi-
cant effects on the change of "High haz-
ard" category; the variables "Soil texture" 
and "Distance to faults" have no signifi-
cant effects.

In the second analysis assessing the 
probability of belonging to the "Medium 
hazard" versus "Very high hazard" cate-
gory, the predictor variables "Average an-
nual rainfall", "Slope angle", "Soil type", 
"Elevation", and "Rock type" have statisti-
cally significant effects on the change of 
hazard category, but tectonics does not. 
The third one assesses the probability of 
belonging to the "Low hazard" versus "Ve- 
ry high hazard" category. The predictor 
variables "Average annual rainfall", "Slope 
angle", and "Rock type" have statistically 
significant effects on the change of hazard 
category [36].

According to the statistical significance 
of each predictor in relation to the depend-
ent variable (Landslide Hazard) in the 
model, average annual rainfall (Ra), slope 
(Slp) and rock type (Lt) are significant pre-
dictors in this model, while soil type (So) 

Table 2
Response information in multinomial logistic regression analysis [compiled by authors]
Информация об ответах в мультиномиальном логистическом регрессионном анализе 
[составлено авторами]

Dependent variable Class Count

Landslide hazard

very high 204 (Reference event)
high 213  

medium 35  
slow 218  
Total 670



184

Table 3
Multinomial logistic regression analysis [compiled by authors]
Мультиномиальный логистический регрессионный анализ [составлено авторами]

Ratio  
of odds

IC de 95%
Predictor Coef SE Coef Z P lower upper

Logit 1: (High/Very high)
Constant 10.6233 1.81652 5.85 0.000
Average annual rainfall (Ra ) –1.05933 0.307839 –3.44 0.001 0.35 0.19 0.63
Slope angle (Slp ) –0.432319 0.105602 –4.09 0.000 0.65 0.53 0.80
Soil type (So ) –0.245630 0.170851 –1.44 0.151 0.78 0.56 1.09
Distance to faults (Tec ) –0.304796 0.191344 –1.59 0.111 0.74 0.51 1.07
Elevation (H) –0.414268 0.131492 –3.15 0.002 0.66 0.51 0.86
Rock type (Lt ) –1.04558 0.213210 –4.90 0.000 0.35 0.23 0.53
Regression model equation 1 Hz = 10.62 – 1.06Ra – 0.43Slp – 0.25So – 0.3Tec – 0.41H – LT

Logit 2: (Medium/Very high)
Constant 18.2570 2.33449 7.82 0.000
Average annual rainfall (Ra ) –1.99715 0.453630 –4.40 0.000 0.14 0.06 0.33
Slope angle (Slp ) –0.600278 0.223407 –2.69 0.007 0.55 0.35 0.85
Soil type (So ) –1.12827 0.313024 –3.60 0.000 0.32 0.18 0.60
Distance to faults (Tec ) 0.289712 0.399496 0.73 0.468 1.34 0.61 2.92
Elevation (H) –1.29827 0.271380 –4.78 0.000 0.27 0.16 0.46
Rock type (Lt ) –1.96506 0.319059 –6.16 0.000 0.14 0.07 0.26
Regression model equation 2 Hz = 18.26 – 2Ra – 0.6Slp – 1.13So + 0.29Tec – 1.3H – 2LT

Logit 3: (Low/Very high)
Constant 14.4414 1.92706 7.49 0.000
Average annual rainfall (Ra ) –1.63737 0.325635 –5.03 0.000 0.19 0.10 0.37
Slope angle (Slp ) –0.344551 0.121244 –2.84 0.004 0.71 0.56 0.90
Soil texture (So ) –0.342471 0.188197 –1.82 0.069 0.71 0.49 1.03
Distance to faults (Tec ) –1.96203 0.189296 –10.3 0.000 0.14 0.10 0.20
Elevation (H) 0.0470632 0.147236 0.32 0.749 1.05 0.79 1.40
Rock type (Lt ) –1.30005 0.244392 –5.32 0.000 0.27 0.17 0.44
Regression model equation 3 Hz = 14.44 – 1.64Ra – 0.34Slp – 0.34So – 1.96Tec + 0.05H – 1.3 LT

and tectonics (Tec) and Elevation (H) have 
a more limited relevance in the prediction 
of landslide hazard in this specific context.

A log-likelihood value of –554 was ob-
tained which means that, given the fitted 
statistical model, the landslides contribu- 
ted from the inventory have a relatively 

high probability of occurring in the "High" 
and "Very High" hazard zones. (Fig. 3, a). 
Of the total number of landslides invento-
ried in the northeastern part of Cuba, 202 
are distributed in "Very high" hazard and 
215 in "High" hazard zones (Fig. 3, b). It 
should be noted that 208 landslides are lo-
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cated in low hazard zones. When analyz-
ing the possible causes of the occurrence 
of this number of landslides in these ar-
eas, we could see that the predictors of the 
highest incidence were the average annual 
rainfall and the type of rock (Fig. 3, c). In 
the "Very high" hazard category, where the 
accumulated rainfall exceeds 2000 mm per 
year, 157 landslides (75%) are distributed, 
generally in rocks consisting of conglom-
erates, sandstones and breccias.

When analyzing the relationship be-
tween landslide occurrence and predictors 
in prospective areas and mineral deposits, 
we found that out of a total inventory of 
115 landslides, for the predictor "Height" 
the highest distribution of landslides is in 

the 300—500 m class (Fig. 4, a). 71% of 
landslides (82 landslides) are distributed in 
areas of heavy rainfall, with accumulated 
rainfall greater than 2000 mm (Fig. 4, b). 
The predictor "slope inclination" has no 
significant influence due to the wide dis-
tribution of landslides in all classes with 
slopes greater than 10 degrees (Fig. 4, c); 
the largest number of landslides (66) was 
distributed on soils with a clayey matrix 
for 57% (Fig. 4, d); while 34 landslides are 
in the "High" rock type class correspond-
ing to rocks composed of conglomerates, 
breccias and sandstones and 29 landslides 
are distributed in the "Very high" class 
composed of soft shales, weathering crust 
and in highly deformed and cracked rocks 

Fig. 3. Landslide hazard in northeastern Cuba: spatial distribution of landslides in the area (a); Number of 
landslides of different hazard classes (b); Behaviour of low hazard class (c) [compiled by author].
Рис. 3. Оползневая опасность на северо-востоке Кубы: пространственное распределение оползней в райо- 
не (а); количество оползней различных классов опасности (б); поведение оползней низкого класса опас- 
ности (в) [составлено автором]
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(Fig.  4,  e), which constitutes 64% of the 
total number of landslides in prospective 
areas and exploited mineral deposits. In 
the analysis of the predictor "Distance to 
faults", 105 landslides (91%) are located 
within 500 m of a fault (Fig. 4, f).

Fig. 5, a shows the spatial distribution 
of the number of landslides in prospective 
mining areas and mineral deposits, which 

mostly coincide with "Very High" and "High" 
hazard zones, with a total of 29 and 43 
landslides respectively (Fig. 5, b).

Conclusions 
The use of multinomial logistic regres-

sion ensured flexibility in adjusting the 
landslide hazard model to the complexity 
of the data and underlying relationships 

Fig. 4. Distribution of landslides in the different classes of predictors: elevation (a); average annual rain- 
fall (b); slope angle (c); soil texture (d); rock type (see table 1) (e); distance to faults (f) [compiled by author]
Рис. 4. Распределение оползней по различным классам предикторов: высота над уровнем моря (а); сред-
негодовое количество осадков (б); угол наклона (в); текстура почвы (г); тип породы (см. табл. 1) (д); рас-
стояние до разломов (е) [составлено автором]
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by including multiple predictors, allowing 
specific effects to be modelled for each gi- 
ven category and their equations to be de-
rived.

Average annual rainfall, terrain slope 
and rock type are statistically significant 
predictors in all analyses, indicating their 
importance in the prediction of landslide 
hazard in the northeastern part of Cuba. 
On the other hand, soil texture, distance 
to fault and elevation show a more limited 
relevance in this specific context.

The analysis of the relationship be-
tween landslide occurrence and predictors 
in prospective areas and mineral deposits 
reveals significant patterns that provide 
valuable information for risk understand-
ing and management, as the highest distri-
bution of landslides is found in the 300–
500 m altitude class. 71% of landslides 
occur in areas of high rainfall, with ac-
cumulated rainfall greater than 2000 mm, 
57% of which is associated with a soil with 
a clayey matrix. In rocks composed of con- 

Fig.  5. Landslide hazard in perspective areas and mineral deposits: spatial distribution of landslides (a); 
Number of landslides by hazard classes (b) [compiled by author]
Рис. 5. Оползневая опасность на перспективных территориях и месторождениях полезных ископаемых: 
пространственное распределение оползней (а); количество оползней по классам опасности (б) [состав-
лено автором]



188

СПИСОК ЛИТЕРАТУРЫ
1. Khan M., He X., Farid A., Song D., Li Z., Tian X., Ni M. A novel geophysical method for frac-

tures mapping and risk zones identification in a coalmine, Northeast, China // Energy Reports. 2021, 
vol. 7, pp. 3785—3804. DOI: 10.1016/j.egyr.2021.06.071. 

2. Wang X., Xu Z., Sun Y., Zheng J., Zhang C., Duan Z. Construction of multi-factor identification 
model for real-time monitoring and early warning of mine water inrush // International Journal of Min-
ing Science and Technology. 2021, vol. 31, no. 5, pp. 853—866. DOI: 10.1016/j.ijmst.2021.07.012. 

3. Protosenya A. G., Demenkov P. A., Trushko O. V., Verbilo P. E. Justification of safe plugging 
options for subway tunnels flooded in an accident based on risk assessment // International Journal of 
Applied Engineering Research. 2016, vol. 11. pp. 7897—7906. EDN XFICUV.

4. Гридина Е. Б. Повышение безопасности труда рабочего персонала карьера, расположен-
ного в сложных горно-геологических условиях Крайнего Севера // Горный информационно-
аналитический бюллетень. — 2023. — № 9-1. — С. 149—163. DOI: 10.25018/0236_1493_2023_
91_0_149. EDN XCPLQV.

5. Fleurisson J. A. Slope design and implementation in open pit mines: Geological and geome-
chanical approach // Procedia Engineering. 2012, vol. 46, pp. 27—38. DOI: 10.1016/j.proeng.2012. 
09.442.

6. Rimélé A., Dimitrakopoulos R., Gamache M. A dynamic stochastic programming approach for 
open-pit mine planning with geological and commodity price uncertainty // Resources Policy. 2020, 
vol. 65, article 101570. DOI: 10.1016/j.resourpol.2019.101570.

7. Ponomarenko M. R., Kutepov Y. I. Mining complexity assessment to substantiate deformation 
monitoring at open pit mines // Journal of Mining Science. 2021, vol. 57, no. 6, pp. 986—994. DOI: 
10.1134/S1062739121060119.

8. Lu K., Cao Z., Hou M., Jiang Z., Shen R., Wang Q., Liu J. The mechanism of earthquake // 
International Journal of Modern Physics B. 2018, vol.  32, no.  7, article  1850080. DOI: 10.1142/ 
S0217979218500807. EDN YEZCKD.

9. Sarkar R., Dorji K. Determination of the probabilities of landslide events—A case study of Bhu-
tan // Hydrology. 2019, vol. 6, no. 2, article 52. DOI: 10.3390/hydrology6020052.

10. Dikshit A. Sarkar R., Pradhan B., Acharya S., Dorji K. Estimating rainfall thresholds for 
landslide occurrence in the Bhutan Himalayas // Water. 2019, vol.  11, article 1616. DOI: 10.3390/
w11081616.

11. Волохов Е. М., Кожухарова В. К., Бритвин И. А. Проблема оценки влияния горных работ 
на объекты наземной инфраструктуры // Горный информационно-аналитический бюллетень. — 
2023. — № 8. — С. 72—93. DOI: 10.25018/0236_1493_2023_8_0_72. EDN JNUAAY.

12. Martinello C., Delchiaro M., Iacobucci G., Cappadonia C., Rotigliano E., Piacentini D. Explor-
ing the geomorphological adequacy of the landslide susceptibility maps: A test for different types of 
landslides in the Bidente river basin (northern Italy) // Catena. 2024, vol. 238, article 107835. DOI: 
10.1016/j.catena.2024.107835.

13. Sun X., Chen G., Yang X., Xu Z., Yang J., Lin Z., Liu Y. A process-oriented approach for identi-
fying potential landslides considering time-dependent behaviors beyond geomorphological features // 
Journal of Rock Mechanics and Geotechnical Engineering. 2023, vol. 6, no. 3, pp. 961—978. DOI: 
10.1016/j.jrmge.2023.05.014.

14. Блищенко А. А. Использование геодезических приборов на открытых горных работах, 
тенденции применения беспилотных технологий // Colloquium-Journal. — 2020. — № 14-2(66). — 
С. 4—5. DOI: 10.24411/2520-6990-2020-11902. EDN DZNLRJ.

15. Куликова Е. Ю., Полянкин А. Г., Потокина А. М. Особенности управления геотехниче-
скими рисками при проектировании подземных сооружений // Записки Горного института. — 
2023. — Т. 264. — С. 895—905. EDN DGEAGK. 

glomerates, breccias, sandstones, soft sha- 
les, weathering crust, and highly deformed 
and cracked rocks, they constitute 64% of 

the total number of landslides. Ninety-one 
per cent of the landslides are within 500 m 
of a fault.



189

16. Petrova T. A., Rudzisha E., Alekseenko A. V., Bech J., Pashkevich M. A. Rehabilitation of dis-
turbed lands with industrial wastewater sludge // Minerals. 2022, no. 12, pp. 376—376. DOI: 10.3390/
min12030376.

17. Yang B., Liu Z., Lacasse S., Liang X. Spatiotemporal deformation characteristics of Outang 
landslide and identification of triggering factors using data mining // Journal of Rock Mechanics and 
Geotechnical Engineering. 2024, vol. 12, no. 3, article 376. DOI: 10.1016/j.jrmge.2023.09.030.

18. Выстрчил М. Г., Гусев В. Н., Сухов А. К. Методика определения погрешностей сегменти-
рованных GRID моделей открытых горных выработок, построенных по результатам аэрофото-
съемки с беспилотного воздушного судна // Записки Горного института. — 2023. — Т. 262. —  
С. 562—570. EDN SZOFVD.

19. Ponomarenko M. R., Kutepov Yu. I. Using the typification of mining-engineering facilities to 
substantiate deformation monitoring of opencast mining // Известия Уральского государственного 
горного университета. — 2020. — № 4(60). — С. 115—122. DOI: 10.21440/2307-2091-2020-4-115- 
122. EDN PSYLXG. 

20. Вальков В. А., Виноградов К. П., Валькова Е. О., Мустафин М. Г. Создание растров высо-
кой информативности по данным лазерного сканирования и аэрофотосъемки // Геодезия и кар-
тография. — 2022. — Т. 83. — № 11. — С. 40—49. DOI: 10.22389/0016-7126-2022-989-11-40-49.

21. Liu Q., Tang A., Huang D., Huang Z., Zhang Bin., Xu X. Total probabilistic measure for the 
potential risk of regional roads exposed to landslides // Reliability Engineering & System Safety. 2022, 
vol. 228, article 108822. DOI: 10.1016/j.ress.2022.108822.

22. Pradhan B., Lee S. Regional landslide susceptibility analysis using back-propagation neural 
network model at Cameron Highland, Malaysia // Landslides. 2010, vol. 7, pp. 13—30. DOI: 10.1007/
s10346-009-0183-2. 

23. Chowdhury M. S., Rahaman M. N., Sheikh M. S., Sayeid M. A., Mahmud K. H., Hafsa B. GIS-
based landslide susceptibility mapping using logistic regression, random forest and decision and regres-
sion tree models in Chattogram District, Bangladesh // Heliyon. 2024, vol. 10, no. 1, article e23424. 
DOI: 10.1016/j.heliyon.2023.e23424.

24. Chan H. C. Chang C. C., Chen P. A., Lee J. T. Using multinomial logistic regression for predic-
tion of soil depth in an area of complex topography in Taiwan // Catena. 2019, vol. 176, pp. 419—429. 
DOI: 10.1016/j.catena.2019.01.030. 

25. Поспехов Г. Б., Савон Ю. В., Мосейкин В. В. Зональность оползневой восприимчивости 
с использованием процесса аналитической иерархии. На примере провинции Гуантанамо // Гор-
ный информационно-аналитический бюллетень. — 2024. — № 1. — С. 125—145. DOI: 10.25018/ 
0236_1493_2024_1_0_125. 

26. Глазунов В. В., Бурлуцкий С. Б., Шувалова Р. А., Жданов С. В. Повышение достоверности 
3D-моделирования оползневого склона по данным инженерной геофизики // Записки Горного 
института. — 2022. — Т.  257. — С. 771—782. DOI: 10.31897/PMI.2022.86. 

27. Farahbakhsh E., Maughan J., Müller R. D. Prospectivity modelling of critical mineral deposits 
using a generative adversarial network with oversampling and positive-unlabelled bagging // Ore Ge-
ology Reviews. 2023, vol. 162, article 105665. DOI: 10.1016/j.oregeorev.2023.105665. 

28. Yaelsy C., Cobas L. Legislación ambiental y minera en Cuba. Aciertos y desaciertos // Revista 
Ciencia Juridica y Política. 2021, vol. 7, no. 13, pp. 146—164. DOI: 10.5377/rcijupo.v7i13.11913. 

29. Pospehov G. B., Savón Y., Delgado R., Castellanos E., Peña A. Inventory of landslides trig-
gered by hurricane Matthews in Guantánamo, Cuba // Geography, Environment, Sustainability. 2023, 
vol. 16, no 1, pp. 55—63. DOI: 10.24057/2071-9388-2022-133. 

30. Rahmani S. R., Libohova Z., Ackerson J. P., Schulze D. G. Estimating natural soil drainage 
classes in the Wisconsin till plain of the Midwestern U. S.A. based on lidar derived terrain indices: 
Evaluating prediction accuracy of multinomial logistic regression and machine learning algorithms //
Geoderma Regional. 2023, vol. 35, article e00728. DOI: 10.1016/j.geodrs.2023.e00728.

31. Kempen B., Brus D. J., Heuvelink G. B. M., Stoorvogel J. J. Updating the 1:50,000 Dutch soil 
map using legacy soil data: A multinomial logistic regression approach // Geoderma. 2009, vol. 151, 
no.3, pp. 311—326. DOI: 10.1016/j.geoderma.2009.04.023. 

32. Abdel-Kader F. H. Digital soil mapping at pilot sites in the northwest coast of Egypt: A mul-
tinomial logistic regression approach // The Egyptian Journal of Remote Sensing and Space Science. 
2011, vol. 14, no. 1, pp. 29—40. DOI: 10.1016/j.ejrs.2011.04.001. 



190

33. Biancardo S. A., Intignano M., Viscione N. Procedural modeling-based BIM approach for rail-
way // Journal of Advanced Transportation. 2021, vol.  2021, article  8839362. DOI: 10.1155/2021/ 
8839362. EDN FNQXPG.

34. Chepyzhova A. V., Pravdina E. A., Lepikhina O. Y. Comparative evaluation of the effectiveness 
of the laser scanning and aerial photography systems using unmanned aerial vehicles // Journal of Phy- 
sics: Conference Series. 2019, vol. 1333, no. 3, article 032064. DOI 10.1088/1742-6596/1333/3/032064. 
EDN MYWWLK.

35. Loginov D. S. Web technologies in cartographic support of geological exploration // Proceed-
ings of the ICA. 2021, vol. 4, article 68. DOI: 10.5194/ica-proc-4-68-2021.

36. Кузин А. А., Филиппов В. Г. Метод определения плановых координат и высоты рабочего 
репера на оползне с принудительными отклонениями вехи от отвесного положения // Геодезия 
и картография. — 2024. — № 9. — С. 2—11. DOI: 10.22389/0016-7126-2024-1011-9-2-11. 

REFERENCES
1. Khan M., He X., Farid A., Song D., Li Z., Tian X., Ni M. A novel geophysical method for frac-

tures mapping and risk zones identification in a coalmine, Northeast, China. Energy Reports. 2021, 
vol. 7, pp. 3785—3804. DOI: 10.1016/j.egyr.2021.06.071. 

2. Wang X., Xu Z., Sun Y., Zheng J., Zhang C., Duan Z. Construction of multi-factor identification 
model for real-time monitoring and early warning of mine water inrush. International Journal of Min-
ing Science and Technology. 2021, vol. 31, no. 5, pp. 853—866. DOI: 10.1016/j.ijmst.2021.07.012. 

3. Protosenya A. G., Demenkov P. A., Trushko O. V., Verbilo P. E. Justification of safe plugging 
options for subway tunnels flooded in an accident based on risk assessment. International Journal of 
Applied Engineering Research. 2016, vol. 11. pp. 7897—7906. EDN XFICUV.

4. Gridina E. B., Borovikov D. O. Improving the safety of the working personnel of a quarry lo-
cated in difficult mining and geological conditions of the Far North. MIAB. Mining Inf. Anal. Bull. 
2023, no. 9-1, pp. 149—163. [In Russ]. DOI: 10.25018/0236_1493_2023_91_0_149. EDN XCPLQV.

5. Fleurisson J. A. Slope design and implementation in open pit mines: Geological and geome-
chanical approach. Procedia Engineering. 2012, vol. 46, pp. 27—38. DOI: 10.1016/j.proeng.2012. 
09.442.

6. Rimélé A., Dimitrakopoulos R., Gamache M. A dynamic stochastic programming approach for 
open-pit mine planning with geological and commodity price uncertainty. Resources Policy. 2020, 
vol. 65, article 101570. DOI: 10.1016/j.resourpol.2019.101570.

7. Ponomarenko M. R., Kutepov Y. I. Mining complexity assessment to substantiate deformation 
monitoring at open pit mines. Journal of Mining Science. 2021, vol. 57, no. 6, pp. 986—994. DOI: 
10.1134/S1062739121060119.

8. Lu K., Cao Z., Hou M., Jiang Z., Shen R., Wang Q., Liu J. The mechanism of earthquake. In-
ternational Journal of Modern Physics B. 2018, vol. 32, no. 7, article 1850080. DOI: 10.1142/ S021 
7979218500807. EDN YEZCKD.

9. Sarkar R., Dorji K. Determination of the probabilities of landslide events—A case study of Bhu-
tan. Hydrology. 2019, vol. 6, no. 2, article 52. DOI: 10.3390/hydrology6020052.

10. Dikshit A. Sarkar R., Pradhan B., Acharya S., Dorji K. Estimating rainfall thresholds for land-
slide occurrence in the Bhutan Himalayas. Water. 2019, vol. 11, article 1616. DOI: 10.3390/w1108- 
1616.

11. Volohov E. M., Kozhukharova V. K., Britvin I. A., Savkov B. M., Zherlygina E. S. Assessment 
of impact of mining operations on surface infrastructure. MIAB. Mining Inf. Anal. Bull. 2023, no. 8, 
pp. 72—93. [In Russ]. DOI: 10.25018/0236_1493_2023_8_0_72. EDN JNUAAY.

12. Martinello C., Delchiaro M., Iacobucci G., Cappadonia C., Rotigliano E., Piacentini D. Ex-
ploring the geomorphological adequacy of the landslide susceptibility maps: A test for different types 
of landslides in the Bidente river basin (northern Italy). Catena. 2024, vol. 238, article 107835. DOI: 
10.1016/j.catena.2024.107835.

13. Sun X., Chen G., Yang X., Xu Z., Yang J., Lin Z., Liu Y. A process-oriented approach for iden-
tifying potential landslides considering time-dependent behaviors beyond geomorphological features. 
Journal of Rock Mechanics and Geotechnical Engineering. 2023, vol. 6, no. 3, pp. 961—978. DOI: 
10.1016/j.jrmge.2023.05.014.



191

14. Blishchenko A. A. The use of geodetic devices in open-pit mining operations, the trend of un-
manned technologies application. Colloquium-Journal. 2020, no. 14-2(66), pp. 4—5. [In Russ]. DOI: 
10.24411/2520-6990-2020-11902. EDN DZNLRJ.

15. Kulikova E. Yu., Polyankin A. G., Potokina A. M. Specifics of geotechnical risk control in the 
design of underground structures. Journal of Mining Institute. 2023, vol. 264, pp. 895—905. [In Russ]. 
EDN DGEAGK. 

16. Petrova T. A., Rudzisha E., Alekseenko A. V., Bech J., Pashkevich M. A. Rehabilitation of dis-
turbed lands with industrial wastewater sludge. Minerals. 2022, no. 12, pp. 376—376. DOI: 10.3390/
min12030376.

17. Yang B., Liu Z., Lacasse S., Liang X. Spatiotemporal deformation characteristics of Outang 
landslide and identification of triggering factors using data mining. Journal of Rock Mechanics and 
Geotechnical Engineering. 2024, vol. 12, no. 3, article 376. DOI: 10.1016/j.jrmge.2023.09.030.

18. Vystrchil M. G., Gusev V. N., Sukhov A. K. A method of determining the errors of segmented 
GRID models of open-pit mines constructed with the results of unmanned aerial photogrammetric 
survey. Journal of Mining Institute. 2023, vol. 262, pp. 562—570. [In Russ]. EDN SZOFVD.

19. Ponomarenko M. R., Kutepov Yu. I. Using the typification of mining-engineering facilities to 
substantiate deformation monitoring of opencast mining. News of the Ural State Mining University. 
2020, no. 4(60), pp. 115—122. DOI: 10.21440/2307-2091-2020-4-115-122. EDN PSYLXG. 

20. Valkov V. A., Vinogradov K. P., Valkova E. O., Mustafin M. G. Creating highly informative 
rasters based on laser scanning and aerial photography data. Geodesy and Cartography. 2022, vol. 83, 
no. 11, pp. 40—49. [In Russ]. DOI: 10.22389/0016-7126-2022-989-11-40-49.

21. Liu Q., Tang A., Huang D., Huang Z., Zhang Bin., Xu X. Total probabilistic measure for the 
potential risk of regional roads exposed to landslides. Reliability Engineering & System Safety. 2022, 
vol. 228, article 108822. DOI: 10.1016/j.ress.2022.108822.

22. Pradhan B., Lee S. Regional landslide susceptibility analysis using back-propagation neural 
network model at Cameron Highland, Malaysia. Landslides. 2010, vol. 7, pp. 13—30. DOI: 10.1007/
s10346-009-0183-2. 

23. Chowdhury M. S., Rahaman M. N., Sheikh M. S., Sayeid M. A., Mahmud K. H., Hafsa B. GIS-
based landslide susceptibility mapping using logistic regression, random forest and decision and re-
gression tree models in Chattogram District, Bangladesh. Heliyon. 2024, vol. 10, no. 1, article e23424. 
DOI: 10.1016/j.heliyon.2023.e23424.

24. Chan H. C. Chang C. C., Chen P. A., Lee J. T. Using multinomial logistic regression for predic-
tion of soil depth in an area of complex topography in Taiwan. Catena. 2019, vol. 176, pp. 419—429. 
DOI: 10.1016/j.catena.2019.01.030. 

25. Pospehov G. B., Savón Yu., Moseykin V. V. Landslide susceptibility zonation using the ana-
lytical hierarchy process. A case study of Guantanamo Province. MIAB. Mining Inf. Anal. Bull. 2024, 
no. 1, pp. 125—145. DOI: 10.25018/0236_1493_2024_1_0_125. 

26. Glazunov V. V., Burlutsky S. B., Shuvalova R. A., Zhdanov S. V. Improving the reliability of 
3D modelling of a landslide slope based on engineering geophysics data. Journal of Mining Institute. 
2022, vol. 257, pp. 771—782. [In Russ]. DOI: 10.31897/PMI.2022.86. 

27. Farahbakhsh E., Maughan J., Müller R. D. Prospectivity modelling of critical mineral deposits 
using a generative adversarial network with oversampling and positive-unlabelled bagging. Ore Geo- 
logy Reviews. 2023, vol. 162, article 105665. DOI: 10.1016/j.oregeorev.2023.105665. 

28. Yaelsy C., Cobas L. Legislación ambiental y minera en Cuba. Aciertos y desaciertos. Revista 
Ciencia Juridica y Política. 2021, vol. 7, no. 13, pp. 146—164. DOI: 10.5377/rcijupo.v7i13.11913. 

29. Pospehov G. B., Savón Y., Delgado R., Castellanos E., Peña A. Inventory of landslides trig-
gered by hurricane Matthews in Guantánamo, Cuba. Geography, Environment, Sustainability. 2023, 
vol. 16, no 1, pp. 55—63. DOI: 10.24057/2071-9388-2022-133. 

30. Rahmani S. R., Libohova Z., Ackerson J. P., Schulze D. G. Estimating natural soil drainage 
classes in the Wisconsin till plain of the Midwestern U. S.A. based on lidar derived terrain indices: 
Evaluating prediction accuracy of multinomial logistic regression and machine learning algorithms.
Geoderma Regional. 2023, vol. 35, article e00728. DOI: 10.1016/j.geodrs.2023.e00728.

31. Kempen B., Brus D. J., Heuvelink G. B. M., Stoorvogel J. J. Updating the 1:50,000 Dutch soil 
map using legacy soil data: A multinomial logistic regression approach. Geoderma. 2009, vol. 151, 
no.3, pp. 311—326. DOI: 10.1016/j.geoderma.2009.04.023. 



192

32. Abdel-Kader F. H. Digital soil mapping at pilot sites in the northwest coast of Egypt: A mul-
tinomial logistic regression approach. The Egyptian Journal of Remote Sensing and Space Science. 
2011, vol. 14, no. 1, pp. 29—40. DOI: 10.1016/j.ejrs.2011.04.001. 

33. Biancardo S. A., Intignano M., Viscione N. Procedural modeling-based BIM approach for railway. 
Journal of Advanced Transportation. 2021, vol. 2021, article 8839362. DOI: 10.1155/2021/8839362. 
EDN FNQXPG.

34. Chepyzhova A. V., Pravdina E. A., Lepikhina O. Y. Comparative evaluation of the effectiveness 
of the laser scanning and aerial photography systems using unmanned aerial vehicles. Journal of Phy- 
sics: Conference Series. 2019, vol. 1333, no. 3, article 032064. DOI 10.1088/1742-6596/1333/3/032064. 
EDN MYWWLK.

35. Loginov D. S. Web technologies in cartographic support of geological exploration. Proceedings 
of the ICA. 2021, vol. 4, article 68. DOI: 10.5194/ica-proc-4-68-2021.

36. Kuzin A. A., Filippov V. G. (2024) Method for determining the plan view coordinates and height 
of the working benchmark on a landslide with forced inclinations of the pole from the plumb position. 
Geodesy and Cartography. 2024, no. 9, pp. 2—11. [In Russ]. DOI: 10.22389/0016-7126-2024-1011-9-
2-11.  

ИНФОРМАЦИЯ ОБ АВТОРАХ 
Поспехов Георгий Борисович1 — канд. геол.-минерал. наук,
зав. лабораторией, e-mail: pospehov@spmi.ru, 
ORCID ID: 0000-0001-9090-5150,
Савон-Васиано Юсмира1 — аспирант, 
e-mail: yusmirasvaciano@gmail.com, 
ORCID ID: 0000-0002-9640-8478, 
1 Санкт-Петербургский горный университет 
императрицы Екатерины II.
Для контактов: Поспехов Г.Б., e-mail: pospehov@spmi.ru. 

INFORMATION ABOUT THE AUTHORS
G.B. Pospehov1, Cand. Sci. (Geol. Mineral.),
Head of Laboratory, e-mail: pospehov@spmi.ru, 
ORCID ID: 0000-0001-9090-5150,
Yusmira Savón-Vaciano1, Graduate Student,
e-mail: yusmirasvaciano@gmail.com, 
ORCID ID: 0000-0002-9640-8478,
1 Empress Catherine II Saint-Petersburg Mining University, 
199106, Saint-Petersburg, Russia.
Corresponding author: G.B. Pospehov, e-mail: pospehov@spmi.ru.

Получена редакцией 17.06.2024; получена после рецензии 18.09.2024; принята к печати 10.11.2024.
Received by the editors 17.06.2024; received after the review 18.09.2024; accepted for printing 10.11.2024.


