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Optimization of random forest model for assessing and predicting geological 1 

hazards susceptibility in Lingyun County 2 

Abstract The frequent occurrence of geological hazards will not only cause peoples' property 3 

loss and deterioration of living environments, but will also endanger peoples' lives. Therefore, 4 

rapid and accurate evaluation of geological hazards susceptibility can provide an important 5 

scientific basis for emergency rescue and disaster reduction and prevention. In this paper, ten 6 

effective variables including slope, aspect, curvature, normalized differential vegetation index, 7 

annual precipitation, strata lithology, tectonic complexity, residential density, road network 8 

density, and land use/land cover were selected as evaluation indexes. Meanwhile, random forest 9 

(RF) model is improved by the optimization of unbalanced geological hazards dataset, 10 

differentiation of continuous geological hazards evaluation factors, sample similarity calculation, 11 

and iterative method for finding optimal random characteristics by calculating out-of-bagger 12 

errors. The geological hazards susceptibility evaluation model based on optimized RF (OPRF) 13 

was established and used to assess the susceptibility level of geological hazards for Lingyun 14 

County. Then, receiver operating characteristics (ROC) curves and field investigation were 15 

performed to verify the efficiency for five models. Analysis and comparison of the results 16 

denoted that the model based on OPRF has the highest prediction accuracy of 93.4%, which is far 17 

better than the other four models. Furthermore, the evaluation results can provide reference for 18 

geological hazards prediction and prevention, and can also provide decision support for land use 19 

development and rational utilization of resources and environment in Lingyun County. Based on 20 

these results, the OPRF model could be extended to other regions with similar geological 21 

environment backgrounds for geological hazards susceptibility assessment and prediction. 22 

Keywords Geological hazards · Susceptibility evaluation · Random forest (RF) · optimized RF 23 

(OPRF) · Geographical Information Systems (GIS) 24 

1 Introduction 25 

The geological hazards system is a nonlinear, dynamic and open complex giant system with 26 

multiple levels of structure, multiple control parameters, multiple time scales, and diverse 27 

processes (Huang et al. 2008). Geological hazards is one of the most serious disasters that can 28 

cause not only great economic losses and ecological damage, but can also critically threaten the 29 

survival of human beings and the construction of major projects (Sun et al. 2019; Sharma and 30 

Mahajan 2019; Wang et al. 2020). Therefore, the selection of a suitable geological hazards 31 

susceptibility assessment method is an important part of geological hazards research, which is of 32 

great significance to disaster reduction and prevention (Tien Bui et al. 2016; Youssef et al. 2016; 33 

Wang et al. 2020).  34 

To date, various models and methods have been developed and applied for assessing 35 

geological hazards susceptibility in many areas of the world. Among them, the qualitative 36 



evaluation method based on expert experience is one of the commonly used methods in the early 37 

years. Such as fuzzy comprehensive evaluation model (Myronidis et al. 2016; Sezer et al. 2017; 38 

Ciurleo et al. 2019), analytical hierarchy process (AHP) (Bourenane et al. 2016; Hung et al. 2016; 39 

Myronidis et al. 2016; Achour et al. 2017; Sezer et al. 2017; Sharma and Mahajan 2019; Sun et al. 40 

2019), and weighted linear combination (WLC) (Hung et al. 2016), and so on. These methods 41 

determine the weight of each evaluation factor through expert scoring, being less time-consuming; 42 

however dependence on the subject experience and analysis judgment of the individual experts 43 

leads to lack of consistency and portability. 44 

Deterministic model is another commonly used method to evaluate the susceptibility of 45 

geological hazards, such as the limit equilibrium method. The mode has high reliability based on 46 

the mechanical models of the relationship between relating factors and geological hazards (Wang 47 

et al. 2014), but it requires absolute detailed parameters such as physical, geological environment, 48 

tectonic lithology, hydrology and so on. Therefore, the availability of data limits the applicability 49 

of this kind of model to the evaluation of local-scale geological hazards. 50 

In addition, quantitative evaluation is the most widely used method in evaluating the 51 

susceptibility of geological hazards, such as information value model (Achour et al. 2017; Liao et 52 

al. 2019; Mokhtari and Abedian 2019; Sharma and Mahajan 2019; Chen et al. 2020), 53 

mathematical statistics method (Bourenane et al. 2016; Tien Bui et al. 2016; Liao et al. 2019; 54 

Sharma and Mahajan 2019; Chen et al. 2020), certainty factor (Li et al. 2018; Zheng et al. 2020), 55 

logistic regression (LR) (Wang et al. 2018; Hu et al. 2020), artificial neural network (ANN) (Xu 56 

et al. 2015; Tien Bui et al. 2016; Zhou, et al. 2018; Sun et al. 2019; Lee et al. 2020; Wang et al. 57 

2020), decision tree (Zhang et al. 2017; Hong et al. 2018; Wang et al. 2018), support vector 58 

machines (SVM) (Li et al. 2015; Pham et al. 2016; Tien Bui et al. 2016; Wang et al. 2018; Chen 59 

et al. 2019; Mokhtari and Abedian 2019; Nguyen et al. 2020; Yu and Gao 2020), and so on. These 60 

methods mainly use mathematical model to establish the quantitative relationship between 61 

geological hazards and evaluation factors, which can quantitatively describe the sensitivity of 62 

each evaluation factor in different intervals. Meanwhile, the data availability is high and the 63 

prediction accuracy is good. However, it is difficult to determine the relationship between each 64 

factor and geological hazard point in high dimensional space, and it is easy to overfit. It’s also 65 

hard for these methods to effectively deal with the multi-source, multi-class, multi-quantity, 66 

multi-modal, and multi-temporal geological hazard data accumulated in the long-term geological 67 

survey. 68 

Recently, ensemble learning improves the accuracy and generalization ability of the model 69 

by integrating multiple weak classifiers into a single strong classifier. As a typical and 70 

representative ensemble learning method, random forests (RF) exhibits robust performance in 71 

data classification and pattern recognition problems (Chen et al. 2014). At the same time, this 72 

method does not require the background knowledge of the sample and does not need to choose 73 

variables, omitting the tedious work of data preprocessing. Also, it integrates multiple decision 74 

trees by random sampling and predicts by majority voting mechanism. Compared with traditional 75 



machine learning methods such as ANN and SVM, RF has the advantages of fast classification 76 

speed, strong noise resistance and high prediction accuracy. Moreover, the introduction of 77 

randomness makes the model not easy to overfit. However, the voting selection mechanism in the 78 

RF model will lead to some decision trees with low training accuracy have the same voting 79 

ability, reducing the voting accuracy. Moreover, the number of decision trees and other 80 

parameters in RF models may also greatly impact the final classification results of RF. 81 

Therefore, the main objective of the current study is to establish a geological hazards 82 

susceptibility evaluation model based on optimized random forest (OPRF) with strong processing 83 

ability for high-dimensional and large data sets by combining multiple decision trees. For this 84 

purpose, the RF model is optimized by optimizing the non-equilibrium data sets, differentiating 85 

continuous attributes, and improving the similarity calculation. Next, the out-of-bag (OOB) error 86 

estimation is calculated iteratively to find the best random feature and number. After that, taking 87 

Lingyun County as the case study, geological hazards susceptibility is divided into four levels for 88 

Lingyun County by using the OPRF model. Finally, to evaluate the effectiveness of the proposed 89 

OPRF, field investigation, statistical analysis, and the area under characteristic (AUC) values of 90 

the receiver operating curves (ROC) were used for comparison to the traditional ML classifiers. 91 

The evaluation results can provide reference for geological hazard prediction and disaster 92 

prevention and mitigation, and also provide decision support for land use development and 93 

rational utilization of resources and environment in Lingyun County. 94 

2 Study Area and Data Treatment 95 

2.1 Study area 96 

Lingyun County is located between longitude 106°23'E to 106°55'E and latitude 24°06'N to 97 

25°37'N in the northwest part of Guangxi, with a total area of about 2048.40km
2
 and a total 98 

population of 193,600, as shown in Fig. 1. 99 

 100 

Fig. 1 Location of Lingyun County in Guangxi Province (a) and China (b) 101 



It is situated in the transitional zone of the Yungui plateau and the hilly mountainous area of 102 

Guangxi. The terrain in the northwest is high and low in the southeast, where in the west it is 103 

mostly a clastic rock geomorphology area, and in the east it is mainly a carbonate rock 104 

geomorphology. It belongs to a mountainous area with intervening deep valleys, with the 105 

mountain area accounting for 93.32% of the total area of the County. There are two main streams 106 

and 11 tributaries in the county, which belong to the Youjiang River and Hongshui River. Due to 107 

the strong influence of the southern subtropical monsoon and Karst landform, it is under the 108 

control of a tropical warm air mass for about half a year. Therefore, heavy rainfalls usually take 109 

place during the monsoon season (May to September); it has become one of the heaviest rain 110 

centers in Guangxi, and flood disasters occur from time to time in Lingyun County (Zhang et al. 111 

2016).  112 

The intricate tectonic framework formed due to the occurrence of three obvious stages of 113 

tectonic evolution in Lingyun County, such as the Caledonian, Indosinian-Yanshan, and 114 

Himalayan periods. The exposed strata are mainly clastic rocks of Triassic and Cretaceous, 115 

carbonate rocks of Devonian, Carboniferous and Permian, accounting for 29.35% and 31.82% of 116 

the total area, respectively. In addition, there is also 16.30% clastic rock intercalated with 117 

siliceous rock, 11.35% sandstone, shale, conglomerate, 7.35% clastic rock intercalated with 118 

limestone. Late Cretaceous feldspar quartz porphyry veins with striped distribution, and the thin 119 

thickness of the Quaternary residual layer is distributed in structural erosion middle-low 120 

mountain areas, Karst depressions and valleys. 121 

In general, it is a fragile geological environment zone and is prone to geological hazards in 122 

Lingyun County. According to inventory data from the Guangxi Geological Survey Bureau, there 123 

are 209 geological hazards in Lingyun County (Fig. 2), including landslides, unstable slopes, 124 

collapses, dangerous rocks, and so on. 125 

 126 

Fig. 2 Image of Lingyun County and distribution of geological hazards 127 



2.2 Data source 128 

According to the characteristics of geological hazards and field investigation in Lingyun 129 

County, it is found that geological hazards susceptibility is closely related to the characteristics of 130 

natural geography, basic geology, ecological environment, human activities, and so on. In the 131 

current study, a total of ten geological hazards impacting elements were selected based on the 132 

field expedition of Guangxi Geological Survey Bureau as model input variables. They are slope, 133 

aspect, topographic curvature, normalized difference vegetation index (NDVI), annual 134 

precipitation, strata lithology, tectonic complexity, residential density, road network density, and 135 

land use and land cover (LULC). The data adopted in the current study are gathered mainly from 136 

the Guangxi Geological Survey Bureau and Guangxi Meteorological Bureau, as shown in Table 137 

1. 138 

Table 1 Data sources of geological hazards impacting elements 139 

No. Factors Data sources and scale 

1 Slope 
Digital elevation model 

(DEM) data of 90m 
2 Aspect 

3 Topographic curvature 

4 NDVI Landsat 8 OLI image  

5 Annual precipitation Meteorological data 

6 Strata lithology Geological map with scale 

1:50,000 7 Tectonic complexity 

8 Residential density Topographic map with scale 

1:10,000 9 Road network density 

10 LULC Landsat TM images 

According to the size of geological hazards, this paper adopts a grid with a resolution of 140 

30m×30m as the basic unit for the geological hazards susceptibility assessment, with a total of 141 

2,275,996 evaluation units in Lingyun County. 142 

2.3 Treatment and analysis of geological hazards assessment factors 143 

The classification of geological hazards impacting elements is closely related to the 144 

evaluation results of geological hazards susceptibility grade. In order to more objectively evaluate 145 

the susceptibility of geological hazards, the geological hazards impacting elements have been 146 

classified into different levels (Table 2) according to geological hazards characteristic and 147 

evaluation criterion developed by Guangxi Geological Survey Bureau for Lingyun County. At the 148 

same time, the geological hazards impacting elements of Lingyun County were differentiated, 149 

and the distinct effect is shown in Fig. 3(a)-(j). 150 

 151 

 152 

 153 

 154 

 155 



Table 2 Geological hazards impacting elements and their Classification 156 

No. Evaluation factor Classification 

(a) Slope (°) 1-[0,7); 2-[7,13); 3-[13,19); 4-[19,25); 5-[25,34); 6-[34,50); 7-[50,70); 8-[70,79) 

(b) Aspect (°) 1-[337.5,22.5); 2-[22.5,67.5); 3-[67.5,112.5); 4-[112.5,157.5); 5-[157.5,202.5); 

6-[205.2,247.5); 7-[247.5,292.5); 8-[292.5,337.5) 

(c) Topographic curvature 1-[-25,-5); 2-[-5,-2.5); 3-[-2.5,-1); 4-[-1,0); 5-[0,1); 6-[1,2.5); 7-[2.5,5); 8-[5,25) 

(d) NDVI 1-[0,0.01); 2-[0.01,0.09); 3-[0.09,0.17); 4-[0.17,0.25); 5-[0.25,0.33); 6-[0.33,0.4); 

7-[0.4,0.5); 8-[0.5,0.57) 

(e) Annual precipitation 1-[0,1930); 2-[1930,1990); 3-[1990,2050); 4-[2050,2110); 5-[2110,2170); 

6-[2170,2230); 7-[2230,2290); 8-[2290,2350)  

(f) Strata lithology 1-Quaternary; 2-carbonate rock; 3-carbonatite with clastic rock; 4-clastic rock 

intercalated limestone; 5-clasolite intercalated with siliceous rocks; 6-clastic rock; 

7-sandstone, shale, conglomerate; 8-granite or basal rocks 

(g) Tectonic complexity 1-[0,1.4); 2-[1.4,2.7); 3-[2.7,3.8); 4-[3.8,4.9); 5-[4.9,6); 6-[6,7.3); 7-[7.3,8.9); 

8-[8.9,14.4) 

(h) Residential density 1-[0,1.2); 2-[1.2,2.4); 3-[2.4,3.5); 4-[3.5,4.5); 5-[4.5,5.8); 6-[5.8,7.1); 7-[7.1,8.6); 

8-[8.6,12) 

(i) Road network density 

(km/km
2
) 

1-[0,3.2); 2-[3.2,4.7); 3-[4.7,6.1); 4-[6.1,7.8); 5-[7.8,9.7); 6-[9.7,11.7); 

7-[11.7,13.9); 8-[13.9,15.3) 

(j) LULC 1-cultivated land; 2-woodland; 3-grassland; 4-river and lake; 5-construction land 

 157 
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 160 



 161 

Fig. 3 Attribute value of geological hazards evaluation factors [(a) slope, (b) Aspect, (c) Topographic curvature, 162 

(d) NDVI, (e) Annual precipitation, (f) Strata lithology, (g) Tectonic complexity, (h) Residential density, (i) 163 

Road network density, (j) LULC] 164 

Meanwhile, the information values of each geological hazards impacting element was used 165 

to measure the impact of each element on geological hazards; the greater the information value, 166 

the greater the impact on geological hazards, which indicates that the higher the probability of 167 

occurrence of geological hazards in the region, the higher the susceptibility level (Murat and 168 

Candan 2004; Chen et al. 2016). The information values of each geological hazards impacting 169 

element in Lingyun County are shown in Fig. 4. 170 

 171 
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 174 

Fig. 4 Information values distribution of main geological hazards impacting elements [(a) slope, (b) Aspect, (c) 175 

Topographic curvature, (d) NDVI, (e) Annual precipitation, (f) Strata lithology, (g) Tectonic complexity, (h) 176 

Residential density, (i) Road network density, (j) LULC] 177 

Slope is an important indicator in the geological hazards survey process to measure the 178 

probability of movement of the slope deposits or Quaternary cover (Xu et al. 2015). In the current 179 

study, the slope, aspect and topographic curvature was extracted from the digital elevation model 180 

(DEM) with 30m resolution by ArcGIS, as shown in Figs. 3(a)-(c). At the same time, their 181 

information value is calculated, as shown in Figs. 4(a)-(c). Fig. 4(a) shows that the information 182 

value of the slope decreases first and then increases with the increase of the slope. This indicates 183 

that the impact of the slope with the occurrence of geological hazards also decreases first and 184 

then increases, and the impact of the slope with the occurrence of geological hazards is the most 185 

significant in the range of 50-70 degrees, followed by 35-50 degrees. Fig. 4(b) shows that the 186 

information value of the aspect decreases first and then increases and then decreases and then 187 

increases with the increase of the aspect, which presents that the impact of the aspect on the 188 

occurrence of geological hazards is relatively complex, with the least impact in the range of 189 

67.5-112.5, and the most significant in the range of 292.5-337.5. Fig. 4(c) shows that the 190 

information value of topographic curvature decreases first and then increases with the increase of 191 

the topographic curvature, which states that the effect of the topographic curvature on the 192 

occurrence of geological hazards also decreases first and then increases, with the least effect in 193 

the range of -1 to 0, and the most significant in the range of 5 to 25. 194 

The vegetation types are diverse, and the forest coverage rate is 71% in Lingyun County 195 

because it is a subtropical monsoon forest vegetation area, where the climate is mild, it is wet and 196 

rainy, and natural soil fertility is good. The NDVI of Lingyun County were extracted by Landsat 197 

8 OLI image (2017/5/3, 127/043) and ArcGIS, as shown in Fig. 3(d). At the same time, its 198 

information value is calculated, as shown in Fig. 4(d). Fig. 4(d) shows that the information values 199 
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of NDVI decrease with the increase of NDVI, indicating that the effect of NDVI with the 200 

occurrence of geological hazards decrease with the increase of NDVI. That is to say, the better 201 

the vegetation cover, the less likely geological hazards will occur. 202 

Precipitation, especially heavy rain or continuous precipitation is the external dynamic 203 

factor that induces geological hazards (Zhang et al. 2016). There is plenty of precipitation in 204 

Lingyun County, and the average annual precipitation is 1235 mm. Under the action of 205 

precipitation infiltration, scour, and erosion, geological hazards occur from time to time. 206 

Meanwhile, the geological hazards and frequent periods of heavy rain are basically the same, 207 

indicating that the formation of geological hazards is closely related to heavy rain in Lingyun 208 

County (Zhang et al. 2016). Fig. 3(e) is the annual precipitation map and Fig. 4(e) is the 209 

information value of annual precipitation. Fig. 4(e) indicates that the information value of 210 

precipitation increases with the increase of the precipitation, illustrating that the greater the 211 

precipitation, the greater the information value, and the greater the impact on the occurrence of 212 

geological hazards. 213 

The strata exposed in Lingyun County are mainly carbonate rock and clastic rocks; also 214 

there is the clasolite intercalated with siliceous rocks, sandstone, shale, conglomerate, and clastic 215 

rock intercalated limestone, and so on. In the carbonate geomorphology area, rock joints and 216 

fissures developed, coupled with long-term weathering and dissolution, and rock collapse is easy 217 

to occur. In Karst depressions and valleys, it is easy to produce collapse under the action of 218 

groundwater (Sun et al. 2019), because shallow Karst develops and the thin Quaternary is 219 

overburdened. The landform of clastic rock is mainly composed of soft mud and shale, 220 

alternating with hard sandstone and siltstone. The mud shale is easy to weather and soften when it 221 

meets water, so it is easy to form a weak structural surface, resulting in geological hazards such 222 

as landslide, collapse and debris flow which are easy to occur. The strata and lithology of 223 

Lingyun County is exhibited in Fig. 3(f), and the information value is expressed in Fig. 4(f). Fig. 224 

4(f) indicates that the information value of clastic rock intercalated limestone is the largest, 225 

followed by carbonate rock, indicating that clastic rock intercalated limestone and carbonate rock 226 

are the most advantageous for the occurrence of geological hazards. 227 

Fault is a zone with fragile structure and is prone to geological hazards (Xu et al. 2015). 228 

Different periods and different forms of folds and faults with different properties have been 229 

formed after the occurrence of three strong crustal movements. At the same time, the later crustal 230 

rise suffered erosion and denudation, which caused some early-formed faults to reoccur, resulting 231 

in more complex geological structures in Lingyun County. Fig. 3(g) states the tectonic 232 

complexity and Fig. 4(g) states the information value of tectonic complexity in Lingyun County. 233 

Fig. 4(g) also states that the information value of tectonic complexity increases with the increase 234 

of the tectonic complexity, illustrating that the greater the tectonic complexity, the greater the 235 

information value, and the greater the impact on the occurrence of geological hazards. 236 

The geological engineering conditions of Lingyun are more complex because they are in the 237 

geological engineering environment composed of carbonate rocks, clastic rocks and loose 238 



accumulated rocks. As the scope of human activities continues to expand and strengthen, human 239 

activities such as steep slope cultivation and engineering construction strongly disturbed the 240 

topography and geomorphology in Lingyun County, which led to the occurrence of geological 241 

hazards, such as landslide, collapse, collapse, ground fissure, flood, water inrush, leakage, soil 242 

erosion, and so on. Residential density and road density of Lingyun were calculated, as exhibited 243 

in Figs. 3(h)-(i). Meanwhile, their information values were also calculated, as exhibited in Figs. 244 

4(h)-(i). Figs. 4(h)-(i) exhibit that the greater the density of settlements and roads, the greater the 245 

information value, the greater the impact on the occurrence of geological hazards. 246 

In addition, there is 303.83km
2
 of arable land and 1687.95km

2
 of forest in Lingyun County. 247 

Fig. 3(j) reveals the LULC map of Lingyun County, and its information value is exhibited in Fig. 248 

4(j). Fig. 4(j) reveals that the information value of woodland is the smallest, while that of the 249 

construction land is the largest, indicating that woodland has the least influence on the occurrence 250 

of geological hazards, while construction land has the greatest influence on the occurrence of 251 

geological disasters; this further illustrates that the impact of human activities on the occurrence 252 

of geological disasters is relatively far-reaching. 253 

2.4 Set up the geological hazards susceptibility assessment database 254 

On the basis of the above, the database of the landslide susceptibility evaluation factors in 255 

Lingyun County was established, with a total of 2,275,996 grid evaluation units and 209 256 

geological hazards points. Among them, 70% of the geological hazards points (146) were 257 

randomly selected as the geological hazards training samples, the rest 30% of the geological 258 

hazards points (63) were selected as the geological hazards testing samples. Accordingly, the 259 

non-hazards sample points of 10 times the number of geological hazards points (1460) were 260 

randomly selected as the geological hazards training samples, and 630 non-hazards sample points 261 

were selected as the geological hazards testing samples. The aim is to reduce the imbalance and 262 

spatial autocorrelation between the data of geological hazards points and non-hazards points. 263 

3 Methods 264 

3.1 RF model 265 

RF is an ensemble learning method that generates a large number of independent training 266 

sets and multiple classification and regression trees (CART) by combining bagging (Breiman 267 

1996, 2001). The expression of the model is: 268 {ℎ(𝑋, 𝜃𝑘), 𝑘 = 1,2,3, … }  (1) 269 

where ℎ(𝑋, 𝜃𝑘) is the classification regression tree without pruning generated by the CART 270 

algorithm; X is the input vector; {𝜃𝑘} is the random vector of independent distribution. 271 

In geological hazards susceptibility assessment, first, 146 geological hazards and 1460 272 

non-hazards sites samples were randomly selected by the bagging method as independent spatial 273 

training sets. Secondly, 10 geological hazards impacting elements were randomly selected for 274 

internal node branching without pruning to separately set up the CART tree for each training set 275 

(Breiman 1996, 2001). Thirdly, the other unselected 63 geological hazards and 630 non-hazards 276 



sites data as OOB data were to estimate the OOB error for each tree, and the OOB error for all 277 

trees is averaged to the RF (Catani et al. 2013). Finally, the class with the most votes is taken as 278 

the geological hazards assessment result by synthesizing all decision trees. The specific 279 

implementation process is shown in Fig. 5. 280 

 281 
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 300 

Fig.5 Diagram of RF Algorithm 301 

OOB error consists of unbiased estimates, approximated by cross-validation errors, and is 302 

bounded by generalization errors in RF (Liu et al. 2018): 303 𝑃∗ ≤ �̅� (1−𝑠2)𝑠2   (2) 304 

where P* is the generalization error of the RF; �̅� is the average of the correlation between 305 

CART trees; s is the average intensity of the decision tree. 306 

Formula (2) illustrates that to enhance the generalization ability of RF, it can weaken the 307 

correlation between decision trees or increase the intensity of decision trees. For this purpose, this 308 

study introduces randomness to the feature selection of CART trees to weaken the correlation 309 

between decision trees. 310 

The specific steps are as follows: (1) m features were randomly selected, (m≤10); (2) 311 

according to the principle of minimum non-purity of nodes, the optimal features are selected from 312 

these m characteristics to split the nodes; (3) the intensity and correlation of the CART tree are 313 

affected by m (Liu et al. 2018). When m is too small, the intensity of the CART tree is weak; 314 

 

Original data sets 
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Feature sampling, optimal segmentation, generate CART decision tree 

…… 

Result 1 Result 2 …… Result n 
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63 hazards and 630 non-hazards sites as testing data 

to calculate OOB error 

The final geological hazards assessment result was obtained by voting 



when m is too large, the intensity of CART tree increases, but the correlation between CART 315 

trees also increases. 316 

In addition, this study further optimizes the RF model by optimizing the non-equilibrium 317 

data sets, differentiation of continuous attributes, and improving the similarity calculation of RF 318 

samples. 319 

3.2 Optimization of non-equilibrium data sets 320 

The sample data in the geological hazards susceptibility evaluation of Lingyun County are 321 

typically unbalanced data, because the number of geological hazards sites is far less than that of 322 

non-hazards sites, based on field investigations by the Guangxi Geological Survey Bureau. 323 

In order to improve the evaluation accuracy, the C_SMOTE algorithm was applied to solve 324 

the non-equilibrium problem of the sample data. The steps are as follows: 325 

(1) Calculate the central of the hazards sites, recorded as X𝑐𝑒𝑛𝑡𝑒𝑟. The formula is as follows: 326 X𝑐𝑒𝑛𝑡𝑒𝑟 = ( 1𝑛1 ∑ 𝑥𝑖1𝑛1𝑖=1 , 1𝑛1 ∑ 𝑥𝑖2𝑛1𝑖=1 , … … , 1𝑛1 ∑ 𝑥𝑖𝑟𝑛1𝑖=1   )    (3) 327 

(2) Synthesis of “artificial” samples. The formula is as follows: 328 𝑝𝑗 = 𝑋𝑖 + 𝑟𝑎𝑛𝑑(0,1) × (𝑋𝑐𝑒𝑛𝑡𝑒𝑟 − 𝑋𝑖)    (4) 329 

where 𝑛1 is the total sample number of the hazards sites; 𝑟 is the attribute of each sample; 330 𝑋𝑖 (𝑖 = 1, 2, … … , 𝑛1) is the hazards sites sample; 𝑋𝑐𝑒𝑛𝑡𝑒𝑟 is the center of the hazards sites 331 

sample; 𝑝𝑗 (𝑗 = 1, 2, … … , 𝑚) is the synthetic “artificial” sample; and 𝑟𝑎𝑛𝑑(0,1) is a random 332 

number within the interval (0, 1). 333 

(3) If the synthetic hazards sites sample number exceeds the actual required sample number, 334 

then use the under-sampling method to remove some samples far away from the center, finally, 335 

make the synthesized sample number reach the required equilibrium rate. 336 

The flow chart is shown in Fig. 6: 337 

 338 
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 352 

Fig. 6 Flow chart of the C_SMOTE algorithm 353 
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3.3 Differentiation of continuous attributes 354 

There are 2 discontinuous attribute elements and 8 continuous attribute elements for 355 

geological hazards susceptibility evaluation in Lingyun County. To improve the accuracy of the 356 

RF model, this study adopts the entropy based on minimal description length principle 357 

(Ent-MDLP) to differentiate the attribute values of continuous evaluation factors. The steps are as 358 

follows: 359 

(1) Dichotomy recursion to find breakpoints. First of all, find the adjacent points of different 360 

classes, and takes the midpoint between them as the candidate breakpoint 𝑇; secondly, each 361 

candidate breakpoint 𝑇 can divide the sample set 𝑅 into two subsets, calculate the information 362 

entropy of the two subsets respectively, then weight the summation to obtain the classification 363 

information entropy 𝐸(𝐴, 𝑇, 𝑅); Finally, take the breakpoint 𝑇 that makes the classification 364 

information entropy minimum as the final selected breakpoint. 365 

(2) Determine the recursive downtime condition. The minimal description length principle 366 

(MDLP) is introduced here (Liu et al. 2018), and the downtime condition is that the information 367 

gain 𝐺 should be satisfied:  368 G(A, T, R) = E(R) − E(A, T, R) = E(R) − |𝑅1|𝑁×𝐸(𝑅1) − |𝑅2|𝑁×𝐸(𝑅2) > log2(𝑁−1)𝑁 + log2(3𝑘 − 2) −369 [𝑘 × 𝐸(𝑅) − 𝑘1 × 𝐸(𝑅1) − 𝑘2 × 𝐸(𝑅2)]    (5) 370 

where 𝐴 is an input variable, 𝑇 is a breakpoint, 𝑅 is a sample set, 𝑁 is the total sample size, 371 𝑘 is the number of categories; 𝐸(𝑅) is the entropy of the sample set 𝑅; 𝐸(𝑅1) and 𝐸(𝑅2) are 372 

the entropy of the instance set 𝑅1 and 𝑅2 in each subinterval; and 𝑘1 and 𝑘2 are the number 373 

of categories in each subinterval. 374 

3.4 Improving the similarity calculation of RF samples 375 

It is an outstanding advantage of RF over other classifiers that RF can calculate the degree 376 

of similarity between samples and obtain the similarity matrix between samples. The similarity 377 

between the two samples can be measured by the frequency at which the two samples appear on 378 

the same leaf node on each tree, or by the probability that the two samples belong to the same 379 

class. 380 

Assuming that the number of samples is 𝑁, the calculation process of the similarity matrix 381 

is as follows: First, the sample similarity matrix 𝑝𝑟𝑜𝑥(𝑖, 𝑗) is initialized as the all-zero matrix of 382 𝑁 row 𝑁 column. Then, all samples are discriminated with each tree generated, and each 383 

sample falls on one of the leaf nodes of the tree. Finally, for samples 𝑖 and 𝑗, if they all land on 384 

the same leaf node of the tree, add 1 at row 𝑖 and column 𝑗 corresponding to the 𝑝𝑟𝑜𝑥(𝑖, 𝑗) 385 

matrix. Meanwhile, for the similarity between samples falling on different leaf nodes, the 386 𝑝𝑟𝑜𝑥(𝑖, 𝑗) matrix is improved by calculating the distance (𝑑) between different leaves. The 387 

formula is as follows: 388 𝑝𝑟𝑜𝑥(𝑖, 𝑗) = 𝑝𝑟𝑜𝑥(𝑖, 𝑗) + 1𝑑𝑚     (6) 389 

where 𝑑 is the distance between the leaf nodes of sample 𝑖 and 𝑗, and 𝑚 is any positive real 390 



number. 391 

The above procedure is repeated for each tree in the RF, traverse each tree to get a total 392 

addition value. Then each element is divided in the 𝑝𝑟𝑜𝑥(𝑖, 𝑗) matrix by the total number of 393 

trees to get the final 𝑝𝑟𝑜𝑥(𝑖, 𝑗) matrix. It is a symmetric matrix of 𝑁 row 𝑁 columns for 394 𝑝𝑟𝑜𝑥(𝑖, 𝑗) matrix, in which the diagonal elements are all 1, and the element of 𝑝𝑟𝑜𝑥(𝑖, 𝑗) in line 395 𝑖 column 𝑗 is defined as the similarity between sample 𝑖 and sample 𝑗. 396 

3.5 Set up the geological hazards susceptibility assessment model based on OPRF 397 

In order to find the optimal random feature number, the OOB error of OPRF with a different 398 

random feature number was calculated by the cyclic iterative method, as shown in Fig. 7. 399 

 400 
Fig. 7 OOB Error distribution of OPRF with different numbers of random feature 401 

Fig. 7 indicates the variation characteristic of the OOB error with the increase of random 402 

feature number. When the number of random features is 6, the OOB error is the smallest, which 403 

indicates that the prediction accuracy of the geological hazards susceptibility evaluation model 404 

based on the OPRF established in the present study is the highest. Currently the number of 405 

decision trees in this OPRF is 81 and the maximum depth is 20. 406 

4 Results and Discussions 407 

4.1 Model evaluation metrics 408 

Model precision and validation analysis is one of the essential steps for geological hazards 409 

susceptibility assessment and prediction (Frattini et al. 2010). Here, to test and verify the 410 

improvements and scientific significance of the proposed method in the current study, the 411 

proposed OPRF model was recommended and compared for comprehensive performance 412 

comparison with the RF and three other models, including logistic regression (LR), ANN, and 413 

SVM. The remaining 30% testing samples were used to test the five models, and the receiver 414 

operating characteristics (ROC) curves and the area under the curve (AUC) of each model 415 

prediction result were calculated (Fig.8), which is a widely used independent performance 416 



valuator (Hanley and McNeil 1983; Swets 1988; Fielding and Bell 1997). The prediction 417 

performance is assessed by the AUC compared with the total plot area. If the AUC is equal to 1, 418 

it represents excellent prediction capability, while the AUC close to 0.5 represents a poor 419 

prediction capability (Rossi et al. 2010; Pham et al. 2016; Tien Bui et al. 2016; Chen et al. 2017; 420 

Hong et al. 2018; Ciurleo et al. 2019). Fig. 8 exhibits the ROC curves of the LR, ANN, SVM, RF 421 

and OPRF models in the current study.  422 

  423 

Fig.8 ROC curves and AUC values of test set for the LR, ANN, SVM, RF and OPRF models 424 

Fig. 8 shows that the AUC values of the LR, ANN, SVM, RF and OPRF models are 0.766, 425 

0.814, 0.842, 0.846 and 0.934, respectively, which states that the prediction accuracy of five 426 

models for geological hazards susceptibility assessment in Lingyun County are 76.6%, 81.4%, 427 

84.2%, 84.6%, and 93.4%, respectively. This result demonstrates that the geological hazards 428 

susceptibility assessment model based on OPRF has the highest prediction accuracy. which is 429 

mainly owing to the large number of elements selected in present study, the OPRF model, a type 430 

of ensemble learning, presented superiorities over a traditional method by not only accounting for 431 

different types of elements but also assessing the relative importance of the elements in terms of 432 

geological hazards stability (Zhang et al. 2017). At the same time, the result also demonstrates 433 

that the improvements proposed in the current study increase the performance of the RF model in 434 

evaluating and predicting the geological hazards susceptibility. Consequently, the OPRF model 435 

can be applied to the geological hazards susceptibility assessment under the same natural 436 

ecological environment. 437 

To further verify the efficiency of the OPRF model in evaluating and predicting geological 438 

hazards susceptibility, the statistical table of the hazards density of the geological hazards 439 

susceptibility grade has been analyzed in the study area, as shown in Table 3. 440 



Table 3 Analysis table of geological hazards susceptibility zoning result 441 

Susceptibility levels Areas S/(km
2
) Hazards areas P/(km

2
) Proportion of hazards (%) Hazards density (P/S) 

High-prone area 59.93 0.1431 76.08 0.00239 

Middle-prone area 93.44 0.0270 14.35 0.00029 

Low-prone area 139.31 0.0108 5.74 0.00008 

Non-prone area 1755.71 0. 0072 3.83 0.00001 

Table 3 illustrates that the high-prone areas in the calculated results account for 76.08% of 442 

the total geological hazards area. The density of the geological hazards area decreases obviously 443 

from the high-prone area to the non-prone area, and the maximum density of geological hazards 444 

in the high-prone area reaches 0.00239. In contrast, the minimum density of the geological 445 

hazards area in the non-prone area is 0.00001, which is consistent with the actual distribution law 446 

of geological hazards. 447 

4.2 Evaluation results 448 

The geological hazards susceptibility index of Lingyun County is calculated between 0 and 449 

1, using the OPRF model, corresponding to the geological hazards susceptibility from low to high. 450 

At the same time, the Ent-MDLP method was used for the grading treatment, which was divided 451 

into four grades:[0-0.6776], (0.6776-0.7074], (0.7074-0.7372], and (0.7372-1], corresponding to 452 

the non-prone region, low-prone region, middle-prone region, and high-prone region, as shown in 453 

Fig. 9. 454 

 455 

Fig. 9 Evaluation results of geological hazards susceptibility in Lingyun County 456 

Fig. 9 shows that the high-prone region of geological hazards is 59.93 km
2
, accounts for 457 



2.93% of the total area in Lingyun County, mainly distributed in the regions of the carbonate 458 

rocks, where the slope is steep at 34-70 degrees, the aspect is between 292.5-337.5 and 459 

157.5-202.5 degrees, the topographic curvature is between ±5-25°, vegetation coverage is low, 460 

the geological tectonic is complex, and the density of residents and road network is large. These 461 

regions are affected by multi-stage tectonic movement, which makes the joint fissure of rock 462 

mass develop, and the rock differentiation is strong, causes the frequent occurrence of disasters 463 

such as dangerous rocks, unstable slope, landslide, and collapse, indicating that carbonate rocks 464 

have a profound influence on the stability of geological hazards in the region. At the same time, 465 

there are many towns and traffic lines in these regions, indicating that these regions are strongly 466 

influenced by human activities. 467 

The middle-prone region of geological hazards is 93.44 km
2
, accounts for 4.56% of the total 468 

area in Lingyun County, mainly distributed in the regions of clastic rocks, clastic rock 469 

intercalated with limestone, and clastic rock intercalated with siliceous rock. Here the slope is 470 

from 7 to 34 degrees, vegetation coverage is low, and moderate density of population and road 471 

network. These regions have poor rock stability and strong weathering erosion, which provide a 472 

good material basis for the development of geological hazards. 473 

The low-prone region of geological hazards is 139.31km
2
, accounts for 6.8% of the total 474 

area in Lingyun County, mainly distributed near rural settlements where the rock mass is stable, 475 

the vegetation covers well, and is less disturbed by human activities. 476 

The remaining region is the non-prone area of geological hazards, accounts for 85.71% of 477 

the total area in Lingyun County, where the rock mass is stable, the vegetation coverage is high, 478 

and is rarely affected by human activities to maintain its original natural ecological environment. 479 

Fig. 9 also indicates that the occurrence of geological hazards has a strong correlation with 480 

the vegetation index, road network density, and residential density, indicating the far-reaching 481 

impact of human activities on the occurrence of geological hazards in Lingyun County. It also 482 

indirectly illustrates that the construction of human engineering strongly interferes with the 483 

natural ecological environment of the region and leads to the frequent occurrence of geological 484 

hazards. Therefore, the research results of the current study also suggest that the stability and 485 

carrying capacity of the regional natural environment system should be fully considered in human 486 

engineering construction. 487 

5 Conclusions 488 

Geological hazards susceptibility evaluation is considered as an important task of geological 489 

hazards survey and is also the first important step in geological hazards risk assessments (Fell et 490 

al. 2008; Hong et al. 2018; Wang et al. 2020). Therefore, it is essential to accurately assess and 491 

predict geological hazards susceptibility regions with high performance-based models (Hong et al. 492 

2018). Since performance of all kinds of proposed methods and techniques for simulating 493 

geological hazards is still being discussed (Chen et al. 2017), explorations of new methods for the 494 

evaluation of geological hazards are highly essential. These explorations will help obtain enough 495 



background knowledge to achieve some rational conclusions (Tien Bui et al. 2016). The rapid 496 

development of advanced machine-learning allows for systems such as RF with high accuracy 497 

and better overall performance; use of these is recommended in disaster assessment and 498 

prediction (Catani et al. 2013; Trigila et al. 2015; Youssef et al. 2016; Zhang et al. 2017; Sun et al. 499 

2020). In this current study, the geological hazards susceptibility evaluation model based on 500 

OPRF was set up to assess and divide the hazards levels for Lingyun County. Meanwhile, field 501 

investigation, statistical analysis, and ROC curve were used to verify the evaluation results. The 502 

following conclusions have been reached in this study: 503 

(1) The C_SMOTE algorithm is re-sampled on the line between the negative sample of the 504 

geological hazards point and the gravity center of the data set, so that the newly generated 505 

“artificial” sample is always between the center point and the negative sample of the geological 506 

hazards point; its position is determined by a random number, so it will not deviate from the 507 

geometric space of the negative sample set of the geological hazards point, and so it will not 508 

produce the tendency of marginalization, but will be directed towards the center point, thus 509 

reducing the randomness and blindness. 510 

(2) The Ent-MDLP can better solve the differentiation problem when continuous geological 511 

hazards factors are increased and there is a lack of enough experience in the geological hazards 512 

susceptibility evaluation. At the same time, the discrete results show obvious trend characteristics 513 

and avoid the inconvenience of RF randomness to continuous factor analysis.  514 

(3) When calculating the similarity between samples, for the similarity between samples 515 

falling at different leaf nodes, the loss of the sample similarity measure caused by 516 

“one-size-fits-all” is avoided by calculating the path distance 𝑑 between different leaves to 517 

improve similarity matrix 𝑝𝑟𝑜𝑥. 518 

(4) The optimal random characteristic number is determined by finding the smallest OOB 519 

error of OPRF under different random characteristic numbers, which is calculated by iterative 520 

method.  521 

(5) AUC values of the ROC curves and field investigation proved that the prediction 522 

accuracy of the geological hazards susceptibility evaluation model based on OPRF is higher than 523 

the original RF and the other three models. 524 

In general, the improvements proposed in the current study aim to improve the accuracy and 525 

overall performance of the RF model for the geological hazards susceptibility evaluation. The RF 526 

model is improved in three aspects: optimization of unbalanced geological hazards data sets, 527 

differentiation of continuous geological hazards evaluation factor and the sample similarity 528 

calculation. On this basis, the geological hazards susceptibility evaluation model was set up 529 

based on OPRF. At the same time, the geological hazards susceptibility evaluation model was 530 

optimized by iteratively calculating the OOB error to find the best number of random features. 531 

Finally, geological hazards susceptibility is assessed by using the OPRF model, and the 532 

geological hazards susceptibility levels of Lingyun County are divided. Meanwhile, the accuracy 533 

and overall performance of evaluation results is verified by field investigation, statistical analysis, 534 



and ROC curves. The results indicate that the optimization strategies proposed in the current 535 

study are effective for the RF model. Furthermore, the OPRF can be expanded to the geological 536 

hazards susceptibility evaluation under the same natural ecological environment. 537 
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Figures

Figure 1

Location of Lingyun County in Guangxi Province (a) and China (b) Note: The designations employed and
the presentation of the material on this map do not imply the expression of any opinion whatsoever on
the part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 2

Image of Lingyun County and distribution of geological hazards Note: The designations employed and
the presentation of the material on this map do not imply the expression of any opinion whatsoever on
the part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 3

Attribute value of geo logical hazards evaluation factors [(a) slope, (b) Aspect, (c) T opographic c
urvature, (d) NDVI, e ) Annual precipitation , f ) Strata lithology , g ) Tectonic complexity, h ) Residential
density, i ) Road network density, (j) LULC] Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research



Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.

Figure 4

Information values distribution of main geological hazards impacting elements [(a) slope, (b) Aspect, (c)
Topographic curvature, (d) NDVI, ( e ) Annual precipitation , f ) Strata lithology , g ) Tectonic h )
Residential density, ( i ) Road network density, (j)



Figure 5

Diagram of RF Algorithm



Figure 6

Flow chart of the C_SMOTE algorithm



Figure 7

OOB Error distribution of OPRF with different numbers of random feature



Figure 8

ROC curves and AUC values of test set for the LR, ANN, SVM, RF and OP RF model s


