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Abstract. Landslides are one of the most frequent natural disasters that cause significant damage to property in Vietnam, 

which is characterized by mountainous terrain covering three-quarters of the territory. In 17 northern mountainous 

provinces of the country, over 500 communes are at a high to very high landslide hazard. The main goal of this study 

was to establish landslide hazard maps and conduct a comparative evaluation of the efficiency of the methods employed 

in Tinh Tuc town, Cao Bang province. The landslide hazard assessment was carried out in this study using the combined 

Fractal-frequency ratio (FFR) and the Frequency ratio (FR) methods. The FR method is based on the actualist prin-

ciple, which assumes that future landslides may be caused by the same factors that contributed to slope failure in the 

past and present. The FFR method is based on the determination of the fractal dimension, which serves as a measure 

of the landslide filling density in the study area. Eight landslide-related factors were considered and presented in car-

tographic format: elevation, distance to roads, slope, geology, distance to faults, land use, slope aspect, and distance to 

drainage. Determining the area under the receiver operating characteristic curve (ROC-AUC) and verification index 

(LRclass) was performed to assess the performance of prediction models and the accuracy of the obtained maps. As a 

result, five zones were identified for the study area, characterized by very low, low, moderate, high, and very high 

landslide hazards. The analysis of the reliability of the obtained landslide hazard maps using the AUC and LRclass 

indices revealed that the FFR model has a higher degree of reliability (AUC = 86 %, LRclass = 86 %) compared to the 

FR model (AUC = 72 %, LRclass = 73 %); therefore, its use is more effective. 
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Introduction. Located on the eastern edge of the Southeast Asia region, Vietnam is considered 

one of the most rapidly developing countries in the world. Due to the tropical monsoon climate, the 

precipitation in Vietnam is extremely high and ranges from 3500 to 4500 mm per year. These con-

ditions are factors that contribute to the occurrence of numerous landslides. Based on data from the 

Vietnam Disaster Management Authority (Hanoi, October 2019), Vietnam experienced 448 flash 

floods and landslides between 1953 and 2006 (an average of seven events per year) and 250 flash 

floods and landslides (an average of 15-16 events per year) between 2000 and 2015, indicating an 

increase in the development intensity of the landslide process. These events resulted in significant 
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socio-economic damage [1-3]. To promote the sustainable development of mountain regions, the 

Vietnamese government has been developing a disaster prevention and mitigation strategy in which 

mapping landslide susceptibility and hazards is one of its primary objectives. Consequently, nu-

merous studies have been carried out to predict the development of landslide processes. For example, 

based on the study results of 10266 landslide locations in the northern mountainous provinces of 

Vietnam, conducted from 2012 to 2017, more than 500 communes in 17 mountainous provinces were 

identified as having high and very high landslide hazards. 

Cao Bang province, covering an area of 6690 km2 (Fig.1), is one of the northern provinces of 

Vietnam. Mountainous terrain, challenging engineering and geological conditions, and a tropical 

monsoon climate with high average annual precipitation contribute to the widespread development 

of the landslide process, and the Nguyen Binh district, located in the southern part of the province, is 

considered one of the areas with a very high landslide hazard [4]. The study area covers an area of 

66.76 km2, including Tinh Tuc town and its surrounding area, which is located 18 km from the center 

of Nguyen Binh district. The elevation varies from 434 m in the valley to 1932 m (Phia Oac peak) in 

the mountainous area [5].  

The main aim of this work was to produce a landslide hazard map of Tinh Tuc town, Cao Bang 

province, Vietnam. The statistical Frequency ratio (FR) and the combined Fractal-frequency ratio 

methods (FFR) were employed to accomplish this objective. As a result, landslide hazard maps for 

the study area were established. Furthermore, the enhanced efficacy of the combined Fractal-

frequency ratio method was confirmed when compared to the traditional statistical Frequency ratio 

method. 
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Methods. The preparation of landslide susceptibility maps for territories depends on the compli-

cated relationship between landslide occurrences and causative factors, which needs thorough con-

sideration throughout the analysis. The main goal of their establishment is to predict the spatial distri-

bution of landslides. It is crucial to note that the landslide susceptibility assessment outcomes provide 

a basis for categorizing the study area according to landslide hazards. Methods based on Geographic 

Information Systems (GIS) have become more prevalent [2, 6, 7] because landslide evaluations ne-

cessitate a comprehensive analysis of significant input data sets. The development of geographic 

information analysis and mathematical statistics methods has resulted in landslide susceptibility 

modeling being accessible, straightforward, and feasible in both scientific studies and the economic 

evaluation of planned territorial development [8]. Because of their efficacy and simplicity, statistical 

methods are uniquely positioned among these works [9, 10]. The main advantage of these methods 

is that they enable a statistical evaluation of the significance of different factor classes using his-

torical data on landslides in the study area. Statistical methods have been enhanced in reliability in 

recent years through modifications [11, 12] or combinations with other methods [13, 14]. 

Frequency ratio method. The statistical method (FR), which analyzes the frequency ratio of 

events, is a highly effective instrument for assessing landslide susceptibility [15] because of its user-

friendliness and the high reliability of the acquired results. The method is based on the principle that 

future landslides may be triggered by the same factors that have caused slope failure in the past and 

present. Therefore, recorded landslide knowledge is crucial for landslide hazard prediction. The rela-

tionship between landslide locations and factors contributing to their development can be determined 

quantitatively using the frequency ratio method [16]. Following the classification of landslip factors 

into classes, the frequency ratio value (FR) can be calculated employing the following equation [3]: 
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where PLS represents the percentage of landslides within each factor class; PC represents the area 

percentage of each factor class; Li represents the number of landslides in factor class i; ΣLi represents 

the total number of landslides in the study area; Ai represents the area of factor class i; ΣAi represents 

the area of the study region. 

This study employed the normalized frequency ratio, which was calculated as follows: 
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where FRi is the FR value of factor class i. 

By employing this approach, the landslide susceptibility index can be determined as follows: 

LSI = 
1

NFR
n

i

i

 .                                                                (3) 

Fractal-frequency ratio method. Recently, fractal theory-based approaches have been aggres-

sively implemented in geological practice [17, 18]. The utilization of fractal analysis to solve geo-

logical problems has been the subject of numerous published articles. To a large extent, they generally 

document the self-similarity properties exhibited by various objects and processes. Simultaneously, 

based on the outcomes of such an analysis, key conclusions may be drawn regarding the type of 

systems under consideration, including the regularity and predictability of their dynamics [19]. There 

is not a generally accepted, rigorous definition of a fractal. Benoit Mandelbrot provided the following 

definition of a fractal in his work [20]: “A set whose Hausdorff – Bezikovich dimension (fractal 
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dimension) is strictly greater than its topological dimension”. Additionally, he defined three primary 

attributes of fractals: self-similar form (scale invariance), the existence of random elements, and un-

usual dimensionality. 

In recent years, the fractal approach has been extensively utilized for spatial analysis, including 

urban planning and development [21], variation in coastline length [22], land-cover evolution ana-

lysis [23], as well as landslide hazard assessment for territories [24, 25]. Simultaneously, combined 

approaches such as the fractal-information coupling method [26] and the fractal-frequency ratio 

method [27] revealed the most effective. 

The fractal approach is based on the power law 

  D

C
p r

r
 ,                                                                   (4) 

where r represents the feature measured scale (the scale under consideration); p represents the 

measured value under the corresponding scale r; С is a constant coefficient; D is the fractal dimen-

sion [28].  

The density of filling the space is measured by the fractal dimension. In the case of landslide 

susceptibility assessment for the territory, it is a measure of the density of landslide filling in the study 

area. Therefore, it is possible to determine the quantitative relationship between landslide locations 

and the contributing factors that led to their occurrence by calculating the fractal dimension [29]. 

A greater fractal dimension denotes a greater significance attributed to a particular factor in the evo-

lution of the landslide process. 

In this study, the Variable dimension fractal method (VDFM) was used to evaluate the weights 

of the factors [28, 30]. The algorithm using the VDFM method includes the following steps [28]:  

• calculation of the relative landslide density (PL); 

• ranking classes in descending order of P value by the characteristic scale r; 

• building a fractal model using data plotted on double logarithmic coordinates S, r and linear 

fitting to determine the value of dimension D. A set of values S, r can be produced from the raw 

values P, r, PLi is the relative landslide density in each factor class; S is the cumulative sum of PLi 

values; SLi is the cumulative sum of values of class i: 
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In this study, we used the correlation coefficient of the linear fitting (R2 > 0,999) as a criterion 

to pause the cumulative sum transform.  

As a result, the weight of each factor can be calculated as follows: 
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For calculating the landslide susceptibility index, the FFR method uses the normalized frequency 

ratio value determined based on the FR method, according to equation (2). 

Finally, the landslide susceptibility index is calculated using the equation 
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where NFRi is the NFR value of the factor class i. 
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Landslide inventory map. An effective landslide hazard model should maximize the consistency 

between recorded and predicted landslides. For assessing model quality, it is necessary to compare 

the landslide hazard prediction map with the available landslide inventory map. Therefore, preparing 

a landslide inventory map is critical to landslide hazard assessment [31].  

The Landslide inventory map (LIM) depicts the distribution of current signs of the landslide 

process. It also includes qualitative, descriptive data regarding the hazards and morphological charac-

teristics associated with landslides [32] and quantitative data regarding their number, scale, and loca-

tion. The establishment of landslide inventory maps encompasses a range of approaches, which can 

be categorized into three distinct groups [3, 33]: 

• visual interpretation-based methods;  

• semi-automatic methods;  

• automatic methods are utilized in conjunction with a training sample. 

A landslide inventory map was prepared in the framework of this study, utilizing field investi-

gation results, and analyzing aerial photography data. In total, 47 landslide sites were identified, rang-

ing in volume from 60 m3 for the smallest to 50,000 m3 for the largest. Most landslides occurred along 

roads in low-mountainous areas. Figure 1 illustrates the landslide inventory map of the study area. 

Landslide causative factors. The complicated relationship between landslide occurrence and 

causative factors is critical for preparing a landslide hazard map. Currently, there are no rigorous 

requirements for the selection of these individuals. Therefore, the selection of these factors may vary 

considerably across territories [34]. Based on statistical analysis, H.R.Pourghasemi [35] determined 

that in 94 % of published studies between 2005 and 2016, the slope was regarded as the most sig-

nificant factor influencing landslide hazards, followed by lithology, slope aspect , land use, and 

elevation (Fig.2). 

Based on the available data on the characteristics of the manifestation of the landslide process, 

for the goal of mapping landslide susceptibility and landslide hazards, eight factors were selected 

in consideration of the available data on the characteristics of the landslide process: elevation, dis-

tance to roads, slope, geology, distance to faults, land use, slope aspect, and distance to drainage.  

A 12.5-meter-resolution digital elevation model (DEM) utilized in this study was provided by the 

Institute of Geological Sciences, Vietnam Academy of Science and Technology. Based on it, the-

matic maps of the following factors were established: elevation (Fig.3, a), slope (Fig.3, c), slope 

 

Fig.2. The fifteen most common landslide causative factors 
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aspect (Fig.3, g), and distances to drainage (Fig.3, h). During their preparation, each factor was 

categorized into classes, with elevation and slope divided into six classes and slope aspect into nine 

classes. Thematic maps of distance to roads (Fig.3, b), distance to drainage (Fig.3, h), and distance 

to faults (Fig.3, e) were produced using the “Euclidean Distance” tool in ArcGIS and then subdi-

vided into six classes. The land use map (Fig.3, f) was produced by decrypting and classifying Sen-

tinel-2 satellite images. As a result, land use was categorized into urban areas (UA), agricultural land 

(AG), shrubland (S), forest (F), and bare land (BL). In consideration of the geology factor, the geology 

map (Fig.3, d) indicates that the study area has six geological formations, in which the upper part of 

the geological section is represented by Quaternary deposits (Q), including the Bac Son Formation, 

Dong Dang Formation, Song Hien Formation, Cao Bang Complex, and Pia Oac Complex.  

Model validation. The assessment of model validation, which involves comparing the acquired 

models to actual landslide data, is a critical phase in preparing landslide hazard maps. This task can 

be completed by comparing the produced maps categorizing the landslide hazards of the study area 

with the landslide inventory map [3]. A landslide hazard prediction model is considered trustworthy 

when it accurately categorizes most landslide events into the very high hazard zone and none into the 

very low hazard zone. Model validation was carried out in this study utilizing the Receiver operating 

characteristic (ROC) analysis method [36]. ROC analysis is a method for determining the optimal 

differentiation between two classes produced by a diagnostic test. The ROC curve illustrates the re-

lationship between the Y-axis, which represents sensitivity or the probability of the true-positive rate 

(accurately predicted events), and the X-axis, which denotes the probability of the false-positive rate 

(inaccurately predicted events) or 1 – Specificity. The ROC curve approaches the upper and left-hand 

borders of the resulting graph, indicating that it provides more trustworthy analysis results. Afterward, 

model performance can be assessed using the area under the ROC curve (AUC); a larger area under the 

ROC curve indicates a more accurate classification. The AUC value ranges between 0.5 and 1.0, rep-

resenting models that exhibit perfect or random prediction accuracy, respectively. Based on the 

Šimundić classification [37], the reliability of the produced maps may be determined as follows using 

the AUC value, %: 90-100 – excellent; 80-90 – very good; 70-80 – good; 60-70 – sufficient; 50-60 – 

inadequate. Previous studies have shown that the ROC-AUC approach alone may not provide a com-

prehensive indicator for evaluating the performance of prediction models [38, 39], as its results de-

pend on the area of the classified hazard zones. Therefore, in this study, the AUC and LRclass [40, 41] 

indicators were employed to assess the performance of landslide prediction models. The AUC value 

was used to determine the overall performance of the prediction models, and the prediction perfor-

mance in each hazard zone of the models was evaluated using the LRclass index. 

Discussion of the study results. This study analyzed the relationship between landslide occur-

rences in the study area and the causative factors that influence their occurrence. An analysis of the 

landslide susceptibility assessment results of the study area obtained using the FR method revealed 

that areas with slopes ranging from 30 to 40 deg. and elevations below 600 m faced a high suscepti-

bility to the landslide process. Landslide occurrences are more concentrated at distances of 100 m 

from roads and 200 m from faults, as well as in urban and agricultural areas. A negative correlation 

has been determined between the distance to drainage and an increase in the frequency of landslides. 

Geologically, landslides are primarily formed in the soils of Quaternary deposits and Song Hien for-

mation sediments.  

The outcomes of the fractal analysis are shown in Fig.4 and Table. As previously mentioned, the 

weight of factors was determined utilizing the fractal dimension by equation (6). As indicated by the 

obtained results, elevation plays the most significant role in the formation of landslides in the study 

area, followed by, in descending order of importance, slope aspect, slope, distance to faults, distance 

to drainage, geology, land use, and distance to roads. 
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Fig.4. Determination of the fractal dimension of landslide causative factors: а – elevation; b – distance to roads; c – slope;  

d – geology; e – distance to faults; f – land use; g – slope aspect; h – distance to drainage 



 

 

Journal of Mining Institute. 2024. Vol. 268. P. 613-624  

© Duong Van Binh, Igor K. Fomenko, Nguyen Trung Kien, Oleg V. Zerkal, Olga N. Sirotkina, Vu Hong Dang, 2024 

621 

This is an open access article under the CC BY 4.0 license 

Weights of the factors calculated from fractal analysis 

Factor Linear regression formulation Correlation coefficient R2 Fractal dimension Di Weight Wi 

Elevation y = 1.5673x + 0.4596 0.9997 1.5673 0.138 

Distance to roads y = 1.1271x + 1.195 1 1.1271 0.099 

Slope y = 1.5216x + 0.3835 0.9998 1.5216 0.134 

Geology y = 1.404x + 0.8027 0.9999 1.4040 0.123 

Distance to faults y = 1.4787x + 0.7325 0.9993 1.4787 0.130 

Land use y = 1.2583x + 1.4289 0.9999 1.2583 0.110 

Slope aspect y = 1.563x + 0.5092 0.9997 1.5630 0.137 

Distance to drainage y = 1.4701x + 0.3017 0.9999 1.4701 0.129 

 

 

According to the analysis results using the FR and FFR methods, the landslide susceptibility 

index (LSI) value ranges from 0.446 to 3.149 and 0.057 to 0.375, respectively. Using the Jenks natural 

breaks classification method, the study area was classified by landslide hazards based on LSI maps. 

As a result, the study area was classified into five zones with very low (VL), low (L), moderate (M), 

high (H), and very high (VH) landslide hazards (Fig.5). 

The calculated areas of landslide hazard zones are shown in Fig.6, utilizing the employed  

methods. Compared to the FR method, the FFR method predicted an extensive area of the very low 

landslide hazard zone. The FR method, in contrast, yielded a large area encompassing zones of low 

to moderate landslide hazards. Simultaneously, the FFR method predicted an area of the very high 

landslide hazard zone (19 %). Figure 6 shows the distribution of landslides in the classified landslide 

hazard zones according to the number of landslides. Both models have good efficiency. The FR 
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method determined that 70 % of landslides 

occurred in the very high landslide hazard 

zone, while the FFR method successfully pre-

dicted 87 % of past landslides. 

The ROC curves (Fig.7), characterizing 

the reliability of the assessment results, also 

proved the high accuracy of the performed 

landslide hazard prediction. Simultaneously, 

the analysis revealed that the FR method ex-

hibited “good” prediction performance 

(AUC = 72 %), while the FFR method 

demonstrated “very good” prediction perfor-

mance (AUC = 86 %) [37]. 

The outcomes derived from the ROC 

curve analysis are consistent with the results 

acquired from calculating the LRclass index 

(see Fig.6) for the FR model (LRclass = 73 %) 

and the FFR model (LRclass = 86 %). Addi-

tionally, it demonstrates that although the 

FFR method accurately predicted a large area of the very high landslide hazard zone, it did not 

overestimate the landslide hazard within the study area. Therefore, it can be concluded that the land-

slide hazard model derived from the combined Fractal-frequency ratio method exhibits better perfor-

mance when compared to the traditional statistical Frequency ratio method. 

Conclusions. Numerous factors influence the reliability of the landslide hazard assessment, in-

cluding the prediction methods used. Therefore, two methods were used in this study – the bivariate 

statistical Frequency ratio method and the combined Fractal-frequency ratio method. A compari-

son was conducted between the assessment outcomes produced by the FFR method and those pro-

duced by the FR method. In addition, the study results showed a significant improvement in the qual-

ity of the landslide hazard prediction. According to the FFR model, 24 % of the study area was cate-

gorized as a very low landslide hazard zone, while the FR model classified only 16 % of the study 

area as this hazard zone. In the planning for territory development, including the design of sustainable 

residential communities that are not susceptible to natural disasters, the obtained result has critical 

practical significance. A considerable difference in model reliability between the FFR and FR meth-

ods (14 % based on ROC analysis and 13 % using the LRclass index) was an unexpected outcome for 

the authors. Further study is being conducted in the field of verification. Concurrently, the obtained 

results enable us to draw an important conclusion: the utility of combined methods, including fractal 

analysis, to improve the accuracy of landslide hazard maps is an exceedingly promising direction of 

landslide studies.  
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