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Abstract: Geological disasters not only cause economic losses and ecological destruction,
but also seriously threaten human survival. Selecting an appropriate method to evaluate
susceptibility to geological disasters is an important part of geological disaster research. The
aims of this study are to explore the accuracy and reliability of multi-regression methods for
geological disaster susceptibility evaluation, including Logistic Regression (LR), Spatial
Autoregression (SAR), Geographical Weighted Regression (GWR), and Support Vector Re-
gression (SVR), all of which have been widely discussed in the literature. In this study, we
selected Yunnan Province of China as the research site and collected data on typical geo-
logical disaster events and the associated hazards that occurred within the study area to
construct a corresponding index system for geological disaster assessment. Four methods
were used to model and evaluate geological disaster susceptibility. The predictive capabilities
of the methods were verified using the receiver operating characteristic (ROC) curve and the
success rate curve. Lastly, spatial accuracy validation was introduced to improve the results
of the evaluation, which was demonstrated by the spatial receiver operating characteristic
(SROC) curve and the spatial success rate (SSR) curve. The results suggest that: 1) these
methods are all valid with respect to the SROC and SSR curves, and the spatial accuracy
validation method improved their modelling results and accuracy, such that the area under the
curve (AUC) values of the ROC curves increased by about 3%—13% and the AUC of the
success rate curve values increased by 15%—20%; 2) the evaluation accuracies of LR, SAR,
GWR, and SVR were 0.8325, 0.8393, 0.8370 and 0.8539, which proved the four statistical
regression methods all have good evaluation capability for geological disaster susceptibility
evaluation and the evaluation results of SVR are more reasonable than others; 3) according
to the evaluation results of SVR, the central-southern Yunnan Province are the highest sus-
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ceptibility areas and the lowest susceptibility is mainly located in the central and northern
parts of the study area.

Keywords: geological disaster susceptibility; multi-regression methods; geographical weighted regression; sup-
port vector regression; spatial accuracy validation; Yunnan Province

1 Introduction

Typical geological disasters include collapses, landslides, debris flows, flash floods, earth-
quakes and mixed type geological disasters, etc. (Yi et al., 2012; Samarasundera et al.,
2014). In recent decades, geological disasters occurred more frequently because of immod-
erate use of natural resources by humans. Geological disasters are quite common all over the
world, especially in developing countries (Guzzetti et al., 1999; Alcantara-Ayala, 2002;
Huang and Cheng, 2013). In fact, nearly every country or region has experienced geological
disaster events during the past decades (Metternicht et al., 2005; Samarasundera et al., 2014).
Geological disasters threaten the life and property of local people and cause huge damages
to the ecological environment, which severely restricts the sustainable development of hu-
man society (Uitto and Shaw, 2016). The frequency and intensity of geological disasters in-
tensified rapidly over the most recent decades (Guzzetti et al., 1999). Therefore, it is very
meaningful to evaluate geological disaster susceptibility and identify high susceptibility
zones for prevention and control of geological disasters.

Geological disaster susceptibility evaluation is the first step to assessing the associated
hazards and risks (Varnes, 1984; Trigila et al., 2015). Qualitative and quantitative methods
are often used for geological disaster susceptibility evaluation (Wang and Sassa, 2005;
Corominas et al., 2014). Because of technical limitations and inaccurate understanding of
geological disasters at early stages, researchers often use qualitative assessment methods to
evaluate geological disaster susceptibility (Degg, 1992; Zhou et al., 2002). In recent decades,
with the progress of science and technology, especially the continuous development of
computer technology and geographic information system technology, the quantitative analy-
sis method has gradually become the primary research direction (Bai et al., 2010). There are
some commonly used methods, such as the Analytic Hierarchy Process (Nie et al., 2001;
Komac, 2006), Fuzzy Comprehensive Evaluation (Jiang et al., 2009), and Logistic Regres-
sion (Lee and Pradhan, 2007). Among them, the Analytic Hierarchy Process and Fuzzy
Comprehensive Evaluation are heuristic methods that are subjective and empirical with low
accuracy. Logistic Regression is a statistical method that collects and regresses historical
data to obtain a susceptibility degree index of geological disasters (Ayalew and Yamagishi
2005; Lee and Pradhan, 2007; Li et al., 2015). At present, statistical methods are widely
used to evaluate geological disaster susceptibility (Erener and Diizgiin, 2010). In addition,
with the development of computer technology in recent years, deterministic methods based
on the physical mechanisms of objects have been gradually applied to the physical model-
ling of geological disasters (Pradhan et al., 2016). Two common methods include stability
analysis of individual slope formation (Frattini et al., 2004; Frattini et al., 2008) and simula-
tion and analysis of the evolution of single small watershed (Bregoli et al., 2015). Because
the parameters are difficult to obtain and the applicability of deterministic methods are lim-
ited, so far they have been rarely used in geological disaster susceptibility evaluation
(Carrara et al., 2008; Bregoli et al., 2015).
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Statistical methods such as Logistic Regression (LR), Spatial Autoregression (SAR),
Geographical Weighted Regression (GWR), and Support Vector Regression (SVR) are usu-
ally used to evaluate geological disaster susceptibility, and they are convenient for deter-
mining the contribution of various influencing factors to instability (Neuhduser and Terhorst,
2007; Pourghasemi et al., 2013; Pederson et al., 2015). LR is the most widely used statistical
method because of its simplicity and good function, and its effectiveness has been well
proven (Ayalew and Yamagishi, 2005; Lee and Sambath, 2006; Lee and Pradhan, 2007; Bai
et al., 2010; Ramani et al., 2011; Jiang et al., 2015; Wang et al., 2015). However, there are
many factors that LR does not consider that are indispensable, which sometimes causes large
errors. Therefore, more and more researchers have adopted an improved statistical regres-
sion method or a more comprehensive statistical approach to evaluate geological disaster
susceptibility. Currently, the common methods include SAR (Erener and Diizgiin, 2011),
GWR (Sabokbar et al., 2014), and SVR (Yao et al., 2008; Xu et al., 2012; Pradhan, 2013).
SAR is an improved ordinary linear regression technique that recognizes the spatial auto-
correlation of the dependent variable by introducing a spatial lag variable and spatial conti-
guity matrix (Erener and Diizgiin, 2010). The traditional logistic regression method does not
consider spatial nonstationarity, which is inevitable (Brunsdon et al., 2002; Wu and Zhang,
2013). When spatial nonstationarity is large enough, the error cannot be ignored. In contrast,
GWR considers spatial nonstationarity (Fotheringham et al., 1997), and it can be applied
well to geological disaster susceptibility evaluation (Sabokbar ef al., 2014). SVR applies to
small samples and high-dimensional space, thus avoiding over-fitting problems and enabling
a strong ability for generalization (Basak et al., 2007). In order to demonstrate the practical-
ity and reliability of SVR, many researchers utilize it for comparison with other traditional
methods. Pradhan ef al. (2013) contrasted SVR with Decision Trees and neuro-fuzzy models
for landslide susceptibility evaluation, and the final result showed that SVR was the best.
Besides, there are other commonly used statistical methods, such as frequency ratio model
(Lee and Sambath, 2006; Lee and Pradhan, 2007), information quantity model (Tan et al.,
2015), weight of evidence (Neuhduser and Terhorst, 2007), artificial neural network (Xu,
2001; Qiu et al., 2014) etc.

It is difficult to clearly and accurately determine a geological disaster susceptibility value.
Davis and Goodrich (1990) considered the accuracy evaluation of the models to be a
multi-standard problem. The key is to characterize the model sensitivity, specificity, and ac-
curacy (Melchiorre ef al., 2006). At present, commonly used methods include the kappa co-
efficient, ROC curve (Pourghasemi et al., 2012; Wang et al., 2015), success rate curve
(Pradhan, 2013), etc. The kappa coefficient method is simple but not specific that it deter-
mines accuracy of the models by calculating kappa values of the modelling results. The
ROC curve and success rate curve are simple and intuitive, and both can accurately reflect
the specificity and sensitivity of the modelling results with good accuracy validation and
wide application to geological disaster susceptibility evaluation (Kavzoglu et al., 2014). In
fact, the validation results are usually poor and researchers used to consider the modeling
approach as the key factor of them. However, the modelling results are also usually affected
by the discrete expression of spatial data, which often causes great deviations in evaluation
results (Tang et al., 2013). In this paper, a method called spatial accuracy validation, which
can make the modelling values closer to the true values, was introduced to improve the
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situation because of the discrete expression of spatial data (Shekhar et al., 2002). The im-
proved results are then used to verify model accuracy.

Geological disasters are very frequent, and the types of disasters in China are various (Yi
et al., 2012; Liu et al., 2012; Li et al., 2013; Cui, 2014), especially southwest region of
China (Tang and Wu, 1990). Yunnan Province is mountainous and rugged, coupled with fre-
quent heavy rainfall and earthquakes. It is susceptible to erupt geological disasters, such as
landslides, flash floods, and debris flows (Liu et al., 1992; Lan et al., 2004; Zhang et al.,
2011; Jiang et al., 2016). There are few studies regarding geological disaster susceptibility
of the entire Yunnan Province. Mostly, studies targeted partial areas of Yunnan Province and
utilized traditional empirical assessment methods (Liu and Lei, 2003; Wu, 2015; Zhuang
et al., 2015). In this paper, 500 major geological disasters (including landslides, flash floods,
debris flows, etc.) that occurred in Yunnan Province from 2000 to 2014 were selected, and
related predisposing factors and potential formation conditions were collected.

Therefore, the objective of this paper is to use multi-regression methods (LR, SAR, GWR,
SVR) to evaluate the geological disaster susceptibility of the study area. The spatial receiver
operating characteristic (SROC) curve and the spatial success rate (SSR) curve are applied
to verify and compare the accuracy of these methods. The susceptibility results could pro-
vide evidence-based guidance towards preventing and responding to geological disasters in
the study area.

2 Study area

Yunnan Province, which is located in southwest China (Figure 1), consists of 16 prefecture-
level cities. The study area lies between 21.14°N and 29.25°N and 97.53°E and 106.20°E,
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Figure 1 The location of Yunnan Province
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encompassing about 394,000 km”. Northwest of the study area is mountainous area where
the altitude is very high; the highest elevation is 6471 m. The central part of the study area
belongs to the Yunnan-Guizhou Plateau, with an average elevation of about 2,000 m. Yun-
nan’s mountainous area, which is a typical mountain environment, accounts for 94% of the
province (Liu et al., 2002). Climate change is extremely complex and diverse, and dry and
rainy seasons are distinctively obvious. The annual precipitation is more than 1000 mm in-
most of the study area, and the precipitation mainly from June to August with frequent heavy
rains. The spatial distribution of precipitation is very uneven, such that it gradually decreases
from the northwest to the southeast (Yu et al., 2013).

Earthquakes occur frequently, with approximately 60 instances greater than magnitude 4
per year that lead to great social and economic losses in Yunnan Province (Wen et al., 2008;
Yang et al., 2015). The geological structure is extremely complex in the study area. Poor
rock slope stability and frequent rain lead to geological disasters such as landslides, flash
floods, and debris flows (Zhang et al., 2011; Yang et al., 2015). The annual direct economic
loss due to debris flows is more than 8 billion yuan (about 1.3 billion US dollars); further-
more, these disasters resulted in 100 fatalities and a large number of injured people (Liu et
al., 2002).

3 Materials

3.1 Disaster samples and non-disaster samples

The key to susceptibility evaluation is obtaining geological disaster-related spatial attribute
data. In this study, data for 500 major disaster events that occurred in Yunnan from 2000 to
2014 were collected, which were mainly downloaded from the National Science & Tech-
nology Infrastructure of China (NSTIC), National Earth System Science Data Sharing Infra-
structure (NESSDSI, http://www.geodata.cn) and Chinese Academy of Geological Sciences
(CAGS, http://www.geoscience.cn/), including 126 mountain flood events, 91 debris flow
events, 271 landslide events, and 12 mixed events evens (Figure 2a).

Landslide 8
o Debris flow > X\ )
o Mountain torrent 0 100 km ‘/}L 0 Non-disaster samples
: L1
e Mixed type

Figure 2 Distribution and types for geological disaster and non-disaster samples
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In addition, non-disaster samples are also important for geological disaster susceptibility
evaluation, but usually non-disaster samples are randomly selected within the disaster sam-
ple buffer (Ramani et al., 2011). In this study, we argue that geological disaster susceptibility
is extremely low in large and medium urban areas. Based on this assumption, we randomly
generated non-disaster samples by combining the landslide and debris flow risk zoning maps
of Yunnan Province. The interval between non-disaster sampling points is 3 km. Finally, a
total of 597 non-point disaster samples were determined according to the above conditions
(Figure 2b).

3.2 Predisposing factors and formation conditions

It is essential to determine influencing factors that are included as the input variables in the
models, including predisposing factors and formation conditions (Figure 3).

Rainfall and earthquakes are direct triggers of geological disasters such as flash floods,
debris flows, and landslides in the study area. This paper selected One-hour precipitation,
Annual precipitation, and Distance to epicentre as predisposing factors. The precipitation
data was obtained from the China Meteorological Administration (CMA), which provided
the data from 1692 meteorological stations in and around Yunnan Province. The Inverse
Distance Weighted (IDW) spatial interpolation method in ArcGIS was used to interpolate the
spatial data of these sites; then One-hour precipitation and Annual precipitation could be
calculated using the annual average values of raster data. Seismic data was downloaded from
the China Earthquake Data Center (CEDC, http://data.earthquake.cn), with a total of 941
earthquake events in the study area. Distance to epicentre is the Euclidean distance between
each pixel and the epicentre that is calculated by the ArcGIS analysis module.

Topography, geological structure, vegetation cover, and river system are the main forma-
tion conditions associated with geological disasters. Distance to faults, Fault density, Eleva-
tion, Slope, Aspect, Slope position, Lithology, Distance to rivers, and Normalized Difference
Vegetation Index (NDVI) were selected as potential indicator factors. Distance to faults and
Fault density, which were extracted from 1:2,500,000 geological fault map of China Geo-
logical Survey (CGS), reflect features of the geological structure. Distance to faults was ob-
tained using the ArcGIS spatial distance analysis module to calculate the spatial Euclidean
distance, and Fault density was calculated using the ArcGIS kernel density analysis method
within 10 km units. Elevation, Slope, Aspect, and Slope position reflect the characteristics of
the terrain and were extracted using Shuttle Radar Topography Mission (SRTM) digital ele-
vation data from the National Aeronautics and Space Administration (NASA, http://www.
cgiar-csi.org/). River system data was obtained from a 1:250,000 topographic map data of
the National Geomatics Center of China (NGCC). Vegetation Index reflects the growing
conditions and vegetation cover, and NDVI is the MODIS NDVI product from NASA.

4 Methods

4.1 Evaluation methods of geological disaster susceptibility

Geological disaster susceptibility evaluation is based on three assumptions: (1) outbreak of
geological disasters is mainly related to their influencing factors; (2) historical geological
disaster zones can represent very high susceptibility areas; (3) geological disaster suscepti-
bility can be predicted. That is to say, geological disasters susceptibility can be predicted by
influencing factors (Lee and Pradhan, 2007; Ramani et al., 2011). Therefore, this study
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adopts the Geological Disasters Susceptibility Index (GDSI) to quantify the degree of geo-
logical disaster susceptibility, which can be expressed as a mathematical model. The range
of GDSI is [0, 1]. The specific form of the model is as follows:
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Figure 3 Predisposing factors and formation conditions of geological disaster susceptibility: (a) One-hour pre-
cipitation; (b) Annual precipitation; (c¢) Distance to epicenter; (d) Distance to faults; (e) Fault density; (f) Distance
to rivers; (g) Slope; (h) Elevation; (i) NDVI; (j) Lithology; (k) Slope position; (1) Aspect
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GDSI =T(f (x1,%p,+-%,)) (M

where fis a spatial math function, x, x,,---, x,, are the susceptibility influencing factors, and
T represents the results of linear or non-linear transformation. f'is set as LR, SAR, GWR, or
SVR.

Importantly, this paper considered 500 geological disasters as positive samples, namely
very high susceptibility samples, and their GDSI was set to 1. Similarly, 597 non-geological
disasters were considered to be negative samples whose GDSI was set as 0. The two types of
samples were mixed, and 60% of them were selected as training samples for building and
training the evaluation models; the remaining 40% were used as validating samples for ac-
curacy validation of the modelling results.

4.1.1 Logistic regression (LR)

Logistic Regression (LR) is a generalized linear regression method that is widely used to
explore the probability of certain events (Wu and Zhang, 2013). Different from ordinary
least squares regression, the dependent variables of LR can be categorical variables as well
as continuous variables, even if they do not follow the normal distribution. Therefore, it is
suitable for geological disaster susceptibility evaluation (Ramani et al., 2011). In the suscep-
tibility evaluation, the dependent variable of LR is GDSI, and the independent variables are
influencing factors of geological disasters. GDSI of observed geological disasters samples is
either 0 or 1, representing high susceptibility and low susceptibility, and obey the binomial
distribution.
1
l+e® ()
&= o+ Pixi+ foxy +-+ Byx,

where Y=1 represents geological disasters, xi, x5,---, X, are known as » influencing factors,

P(Y =1]X)) =

and P(Y =1]X) is the probability of a combination of influencing factors, which is also
GDSI. ¢ is the GDSI linear function, which is assumed to obey a logistic distribution. When
¢ approaches negative infinity, P(Y =1| X) = 0; in contrast, when ¢ approaches positive infin-
ity, P(Y =11 X) =1. By, b1, B, - B, are the regression coefficients of GDSI, which can be

estimated from the observed samples.
4.1.2 Spatial Autoregression (SAR)

Spatial Autoregression is a global regression model that introduces spatial lag term and a
spatial contiguity matrix (Erener and Diizgiin, 2010). The spatial autoregressive linear model
expressions are as follows:

y=pWy+Xp+u
u=Wu+e 3)
£~N(0,021,)
where y is the independent variable; p is the explanatory variable; W, is the spatial delay
term, where W is the spatial weights matrix of y and p is the regression coefficient of W,;

Wou is spatial interference term, where W, is the spatial weights matrix of x« and 4 is the re-
gression coefficient of W,u; and ¢ is the residual, which obeys the normal distribution.
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4.1.3 Geographically Weighted Regression (GWR)

Geographically Weighted Regression (GWR) is a partial regression model that introduces a
spatial non-stationary location and spatial regression coefficients (Fotheringham, 2003). The
spatial position is embedded into the regression coefficients, which do not only describe the
relationship between explained and explanatory variables but also reflect the spatial varia-
tion of their relationship. It is an effective modelling technique used to treat spatial nonsta-
tionarity (Su et al., 2012).

k
yi:ﬂo(#ia"i)JFZﬁj(ﬂiaVi)xg+5i “
j=1

where x;; is the independent variable and y; is the dependent variable, ¢; is the residual and
er~N(0, 62), (s, v;) 1s the location of i, and Si(w;, v;) is the regression coefficient of explana-
tory variables.

GWR uses a locally weighted least squares method to estimate the parameters, and the
resulting regression coefficients usually are not constant but variable with respect to changes
in spatial position, which reflects the nonstationarity of the spatial relationship (Gao and Li,
2011). The regression parameters of any point can be estimated by the following formula (Su
etal., 2012):

Blasvi) = (XTW (g v) X0 XTW ()Y (5)
where W(u;, v;) is a diagonal matrix, and diagonal elements that the distance between point i
and point j meet monotonically decreasing (Gao and Li, 2011).
4.1.4 Support Vector Regression (SVR)

Support Vector Regression (SVR) based on the statistical learning theory is a nonlinear
model for small samples and high-dimensional space (Basak et al., 2007). It converts the
inputted space by nonlinear transformation to a high-dimensional feature space and then
finds the optimal linear interface in the new space. It avoids the over-fitting problem and has
excellent generalization ability.

(x;, v;) is the training sample set, wherei =1,2,---,/,x € R,Y € {£1}. The regression problem

can be converted to the optimal problem, such that the expression is: <W,X > +b=0

1 ! x
min S+ C (G + &)
i=1

Wb
i ={w () —b<e+¢; (6)
subject to (w, ¢(xl-)> +bh-y, <&t
gi’ gi* 2 0

where ¢&; and §l~* are slack variables, and &£ is a positive constant. When <w,¢(xl»)> +b-

y; = &, the value of error is |<w, ¢(xi)> +b- yi| —¢&; otherwise the error will be discarded.

4.2 Validation methods of geological disaster susceptibility

In general, the results of geological disaster susceptibility evaluation need to meet two as-
sumptions: (1) most disaster samples should be located in high susceptibility zones, and
most non-disaster samples should be located in low susceptibility zones; (2) the high sus-
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ceptibility zones should occupy a relatively small area and the low susceptibility zones
should account for a relatively large area (Can, 2005; Ramani et al., 2011). The receiver op-
erating characteristic (ROC) curve and success rate curve are common methods used for
accuracy evaluation of the models. The ROC curve can examine the predictive ability and
severability for a model through positive and negative class samples. The success rate curve
can examine the ability to predict only disaster samples for a model. Based on the two
methods, this study introduced spatial accuracy validation to improve the model evaluation
results, and the improved ROC curve and success rate curve should be more reliable.

4.2.1 ROC curve and success rate curve

The ROC curve is a method for validating the explanatory capability of the regression mod-
els (Pontius, 2001).The contingency table of predicted values and actual values is estab-
lished by calculating true positive rate (TPR) and false positive rate (FPR) under different
susceptibility thresholds of categorized situations. The ROC curve is generated such that
TPR is on the ordinate axis and FPR is on the horizontal axis. The area under the curve
(AUC) value is the area between the ROC curve and the horizontal axis. The AUC value
varies from 0.5 (diagonal line) to 1, with a higher value indicating a better predictive capa-
bility of the model. TPR and FPR are calculated as follows:
_r FPR= P @)
TP + FN FP+TN
where TP (true positive) is the number of true predictive class samples out of the geological
disaster samples; FP (false positive) is the number of false predictive class samples out of
the geological disaster samples. TN (true negative) is the number of true predictive class
samples out of the non-geological disaster samples; FN (false negative) is the number of
false predictive class samples out of the non-geological disaster samples.

Unlike the ROC curve, the success rate curve only considers the predictive capability of

TPR =

the models for the geological disaster samples but disregards the non-geological disaster
samples (Pradhan, 2013). The success rate curve is determined by the predictive susceptibil-
ity rank (SR) and cumulative percentage (CP) of the corresponding disaster samples, where
SR is the horizontal axis and CP is the vertical axis. SR is often divided into 100 ranks with
a descending order of susceptibility.

4.2.2 Spatial ROC (SROC) curve and spatial success rate (SSR) curve

Because of the discrete representation of spatial data, the evaluation process often offsets the
spatial position. In addition, the spatial data collection and production process also results in
accumulation of errors, which yields great uncertainty in the modelling results. Shekhar et al.
(2002) considered that the classification for a sample point is correct if the corresponding
class appears in or around the pixel of the sample point. That is to say, the predictive values
of the observed samples are reasonable (Figure 4). Figure 4a shows the location of the sam-
ple points. Figure 4b shows the corresponding pixel location of the actual sample points
which is A. P is the corresponding pixel location of the predicted sample points in Figure 4c.
Figure 4d shows that A and P differ in spatial location, which is considered to be inaccurate
for the traditional classification methods, and the accuracy value is 0. Figure 4e shows that P
and A are consistent for a certain space range (3 % 3 pixel areas) because of the existence of
a spatial position offset, so the accuracy value is 1.
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Figure 4 Classification accuracy and spatial accuracy (Shekhar, 2002)

Considering that the image resolution is 30 m, this study recounts GDSI of the disaster
samples and the non-disaster samples in 3 x 3 pixel areas. Finally, we can obtain the spatial
ROC (SROC) curve and spatial success rate (SSR) curve.

4.3 Flowchart

This study randomly divided disaster samples and non-disaster samples into training sam-
ples and validating samples. Training samples were used for modelling, and validating sam-
ples were used for validation. The evaluation results of the multi-regression models were
evaluated using SROC and SSR. Finally, the results of geological disaster susceptibility
were analysed and compared. A flowchart of this process is shown in Figure 5.
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Figure 5 The flowchart of geological disasters susceptibility evaluation
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5 Results

In this study, four statistical regression methods were utilized to evaluate geological disaster
susceptibility of the study area, and the SROC curve and SSR curve were used to verify and
compare the evaluation results of the four methods.

5.1 Susceptibility index of geological disaster

The evaluation rsults of the methods are shown in Figure 6. There is a significant difference
in the quantity and spatial distribution of the evaluation results for each model. The quanti-
tative feature values of the GDSI, such as the maximum, minimum, mean, and standard de-
viation are different, as shown in Table 1.

Value
m High: 0.73
B Tow: 0.08

Value ~ : " Value
e High: 2.03 w High: 1.69
0 100 km P 0 100km - Low: —0.45

Figure 6 Geological disaster susceptibility index map produced by the multi-regression methods

For LR, the minimum value is 0 and the maximum value is 1, with a mean of 0.52 and a
standard deviation of 0.1, indicating that the susceptibility level of the study area is relatively
uniform. Importantly, for the evaluation results of different models, a maximum value greater
than 1 indicates that the predictive capability of the model in high susceptibility areas
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Table 1 Characteristics of GDSI for multi-regression methods

LR SAR GWR SVR
Minimum 0 0.077 —0.71 —-0.45
Maximum 1 0.73 2.05 1.69
Mean 0.52 0.31 0.79 0.8
Standard deviation 0.1 0.06 0.28 0.3

is strong; otherwise, it is weak. Similarly, a minimum value less than O indicates that the
predictive capability of the model in low susceptibility areas is strong; otherwise, it is weak.
Furthermore, the mean value reflects the overall assessment bias of the model. If the mean
value is greater than 0.5, this suggests that the overall evaluation results of the model are
relatively large; conversely, they are relatively small.

For the other three models, the predictive capability of SAR in high susceptibility and low
susceptibility areas are both weak, and the mean predictive value is relatively small. GWR
and SVR are exactly opposite compared to SAR, which indicates that GWR and SVR are
better than SAR for geological disaster susceptibility evaluation in the study area.

5.2 Reclassification of geological disaster susceptibility

In order to understand geological disaster susceptibility of the study area more completely
and clearly, appropriate breakpoints were selected for the cumulative frequency curve to
reclassify the susceptibility results. The breakpoints were determined at cumulative frequen-
cies of 30%, 50%, 70%, and 85% (Hong et al., 2015). There are 5 levels (Very low, Low,
Medium, High and Very high levels) for the classification results shown in Figure 7.

Figure 7 shows that the modelling results of LR, SR, and GWR are almost identical,
which indicates their principles are relatively similar. The highest susceptibility level is
mainly distributed in the northwestern part of the study area, followed by the central and
southern regions. Disaster susceptibility is relatively low in the eastern and western parts of
the study area. The evaluation results of SVR are clearly different, showing that the north-
west of the study area has a low disaster susceptibility but the south has a high disaster sus-
ceptibility. It is distinctly different in the northwest of the study area (mainly Diqing city and
Lijiang city), as shown in the elliptical area (Figure 7).

5.3 Classification accuracy and spatial accuracy

According to the classification criteria, validating samples were selected to count the classi-
fication results of the different susceptibility levels (Figure 8), where the proportions of dis-
aster samples reflect the classification levels of different susceptibility classes and the fre-
quency ratio reflects the susceptibility size of different susceptibility classes. For different
regression models, the proportions of disaster samples from low to high susceptibility levels
were consistent with the selected grade range, namely 30%, 20%, 20%, 15% and 15% (sec-
tion 4.2), which proved the selected breakpoints are reasonable to some extent.
Unfortunately, the results of the frequency ratio are irregular. Theoretically, a higher level
of geological disaster susceptibility should correspond to a higher frequency ratio value, but
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Figure 7 Reclassification of geological disaster susceptibility by the multi-regression methods

the evaluation results of the models obviously do not follow such regularity. For example,
the frequency ratio values of LR, ranging from low to high susceptibility levels, are 0.91,
1.08, 0.94, 1.13, and 1.01, which are all approximately equal to 1. The other three models are
similar to the evaluation results of LR. Such a situation most likely occurs for the following
two reasons: (1) the 12 influencing factors that this study selected do not reflect the suscep-
tibility well; or (2) there is not a large error for the assessment results of the models, but dis-
crete expression of the spatial data resulted in offset of the spatial position for disaster sam-
ple points, which will affect the susceptibility values of the geological disaster sample points.
Considering that the 12 predisposing factors and formation conditions were selected by
combining characteristics of geological disasters in the study area, there is a very low prob-
ability that the evaluation results of the four regression methods do not reflect the geological
disaster susceptibility of the study area. Therefore, in order to get a better disaster suscepti-
bility distribution map of the study area, this study introduced spatial accuracy validation to
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Figure 9 shows the improved evaluation results of geological disaster susceptibility. It
shows that the proportions of disaster samples and the frequency ratio of the four methods
are larger significantly in high levels (including ‘High’ and ‘Very high’) than before. If dis-
aster sample points distributed in ‘Very high’ are considered to be reasonable, the simulation
results of SVR whose proportions of disasters of ‘Very high’ is 38.6% are more reasonable
than others. If disaster sample points distributed in ‘High’ and ‘Very high’ are considered to
be reasonable, the proportions of disasters of LR, SAR, GWR and SVR are 57.6%, 55.6%,
57.2% and 58.0%, respectively, which the simulation results of SVR are also more reason-
able than others.

The frequency ratio reflects the degree of the disaster susceptibility, which is closely re-
lated to the susceptibility levels. As shown in Figure 9, the evaluation results of LR, with
frequency ratios from low to high susceptibility levels being 0.36, 0.59, 0.99, 1.54, and 2.25,
respectively; for SAR, with frequency ratio values of 0.25, 0.63, 1.24, 1.80 and 1.85, respec-
tively; for GWR, similarly to the results of LR with frequency ratio values of 0.39, 0.60,
0.97, 1.59 and 2.16, respectively; SVR, with frequency ratio values of 0.41, 0.43, 1.07, 1.24
and 2.60, respectively. Obviously, the results of the four methods are all good to meet the
regularity that the higher susceptibility lev-
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located in the ‘Very low’ level, which is Figure 9 The proportion of disaster samples and fre-
consistent with the actual situation. Com- quency ratios introducing spatial accuracy validation
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paring Figures 8 and 9, after introducing spatial accuracy validation methods, the results
obtained by the models better reflect the geological disaster susceptibility features of this
study area, especially the frequency ratio indicators. In summary, the evaluation results of
LR, SAR, GWR and SVR all can reflect geological disaster susceptibility in the study area,
and the simulation results of SVR are more reasonable than others.

5.4 ROC curves and SROC curves

The ROC curve is used to verify and compare the evaluation results of the models, and the
results are shown in Figure 10a. The AUC values of LR, GWR, and SVR are greater than 0.9,
indicating that the evaluation effect of each of the three methods is excellent. SAR, with an
AUC value of 0.86, is poorer than other methods, but it is good overall. After introducing
the method of spatial accuracy validation, the results are shown in Figure 10b. This shows
that the accuracy of the models was improved, and AUC values were all close to 1 after in-
troducing spatial accuracy validation. Compared with the classification accuracy, the effects
of the spatial accuracy validation increased by 3%—12%, showing that it can better reflect
the actual susceptibility results of this study area. It also shows that the four regression
methods are all excellent for the geological disaster susceptibility evaluation of this study area.
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Figure 10 ROC curves of the multi-regression methods: (a) Classification accuracy; (b) Spatial accuracy

5.5 Success rate curves and SSR curves

Similarly, the success rate curve is also utilized to verify and compare the evaluation results
of the four methods; the results are shown in Figure 11a. The AUC values of the four models
are in the vicinity of 0.5. Generally, when the AUC value is in the range [0.5, 1], the simula-
tion results of the model can be considered reliable. For the four models, only the AUC
value of SAR does not reach 0.5, indicating that the SAR’s simulation result is less reliable.
After introducing space accuracy validation, the results are shown in Figure 11b. This figure
shows that the accuracy of the models is significantly improved after introducing the method,
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the AUC values of the models were all close to 0.7 (>0.5, indicating that four models have
all passed the validation of success rate curve). The method with the highest accuracy was
SVR with an AUC value of 0.7183; the lowest was for SAR with an AUC value of 0.6813.
After introducing spatial accuracy validation, AUC increased by 15%-20%. Compared to
the results of the success rate curve, obviously, the results of the SSR curve can better reflect
geological disaster susceptibility of this study area.
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Figure 11 Success rate curves of the multi-regression methods: (a) Classification accuracy; (b) Spatial accuracy

If we think the calculated results of SROC and SSR are reasonable, the AUC values of
them are averaged and the AUC values of the four models (LR, SAR, GWR and SVR) are
0.8393, 0.8325, 0.8370 and 0.8539, respectively. Therefore, we can consider the SVR’s
evaluation effect is the most reasonable, followed by LR, GWR and SAR.

6 Discussion

The application of statistical methods for geological disaster susceptibility evaluation is one
of the focal points of current geological disaster research. There is huge uncertainty regard-
ing the different geological disaster susceptibility evaluation methods. In order to determine
better evaluation methods, this study adopted multi-regression models (including LR, SAR,
GWR and SVR) to evaluate the geological disaster susceptibility of the study area. Com-
pared to previous studies, this paper aims to explore the application of statistical regression
methods for geological disaster susceptibility evaluation. By contrast, we can determine
which methods are superior or not and know the sensitivity and uncertainty of each method.
In addition, aiming to address the problem of discrete expressions of spatial data causing
space positional displacement, this study introduced spatial accuracy validation to improve
the modelling results of these four models. Compared to the previous ROC curve and suc-
cess rate curve, the effectiveness of improved SROC curve and SSR curve were obviously
better. The advantages and disadvantages of the regression methods and validation methods
are summarized in below section.
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6.1 The advantages and disadvantages of multi-regression methods

Contrasting the four regression methods showed that they have their own distinctive
strengths but also many shortcomings. LR is one of the simplest statistical regression meth-
ods, whose principle is based on the least squares method. SAR considers spatial autocorre-
lation, and GWR considers spatial nonstationarity. SVR, unlike LR, SAR and GWR, intro-
duces the vapnik-chervonenkis dimension. Before introducing space accuracy validation, the
displayed evaluation results of the four regression methods were poor; afterwards, the
evaluation results of all four regression methods reflected the geological disaster suscepti-
bility situation of the study area well, which is demonstrated by the SROC curve (Figure 10)
and SSR curve (Figure 11).

For reclassification of geological disaster susceptibility, SAR is lacking in the evaluation
of high susceptibility zones, LR, GWR and SVR all yield good simulation results. In terms
of the AUC values of the SROC curve and SSR curve, the evaluation results of SVR are the
best, followed by LR, GWR and SAR. In addition, compared the evaluation results of the
four models, it should be considered why the evaluation results of SVR differed greatly from
the evaluation results of the other three methods in northwest of the study area (see Figure 7).
In fact, there are little disaster sample points in northwest of the study area. There may be
two main reasons which both can cause some deviations for different methods: (1) Predis-
posing factors and formation conditions selected in this paper are insufficient for geological
disaster susceptibility evaluation; or (2) The collection of disaster sample points is very in-
complete in northwest of the study area. There are some similar studies on Yunnan Province,
and they almost all show that the northwest region witnessed less geological disasters and is
not high susceptibility areas (Jiang, 1990; Hu, 2014; Wu, 2015; Jiang 2016). Wu (2015) ob-
tained a similar result with SVR, which shows central and southern parts of the study area
are the most susceptibility areas of geological disasters. Based on the analysis of the above,
with reference to Figures 2, 6, 7, 8 and 9 and in combination with the disaster sample points
and comparison of the evaluation results of the models, the evaluation results of SVR can be
considered to be better effect on treating disaster sample points.

The AUC values of LR and GWR are both 0.84 by combining the results of the SROC
curves and SSR curves and the evaluation results of LR and GWR are similar, which indi-
cates spatial nonstationarity is weak in the study area. The predictive capability of GWR in
high susceptibility areas and low susceptibility areas are both stronger than LR (see Section
4.1), and GWR itself is an improved LR method. Therefore, we can also consider that GWR
is better than LR. Unfortunately, compared to the evaluation results of LR, the evaluation
results of SAR are relatively poor. It is possible that some regression coefficients deviated or
variable factors were selected incompletely.

In this paper, four statistical regression methods are used for geological disaster suscepti-
bility evaluation. In fact, many new similar methods have been widely used in this field,
such as multiple logistic regression (Ahmed, 2015), Naive Bayes classifier (Tsangaratos and
Ilia, 2016). In addition, GIS and RS technology is developing rapidly, especially the resolu-
tion of image continuously improved. Deterministic methods will be widely applied range in
the future, hence the next study is needed to explore the appropriate excitation deterministic
method to monitor the susceptibility of various geological disasters.
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6.2 Advantages and disadvantages of the validation methods

This paper selected the ROC curve and success rate curve to evaluate the modelling accu-
racy of the methods. The AUC values of the ROC curves for the models are all approxi-
mately 0.9 and nearly 1 for the SROC curves, showing the evaluation accuracy of the mod-
els to be excellent. By contrast, the AUC values of success rate curves and SSR curves are
about 0.5 and 0.7, respectively, which are significantly lower than the AUC values of the
ROC curves and the SROC curves. Compared to the success rate curve method, the ROC
curve considers not only the role of disaster sample points, but also the impact of
non-disaster sample points. Thus, the reason that the AUC values of the ROC values and the
SROC values are always higher than the AUC values of the success rate curves and the SSR
curves is mainly because the non-disaster samples are more reasonable as the assumption
than the disaster samples (see Section 4.3). Obviously, the ROC curve method is more per-
suasive than the success rate curve method.

More importantly, the AUC values of the SROC values and the SSR values are obviously
higher than the ROC values and the success rate values. Therefore, we had to pay attention
to the spatial accuracy validation method, which was considered in this paper by comparing
Figures 10 and 11. It is showed that the spatial accuracy validation method can greatly im-
prove the modelling results, which differs from previous research, and is innovative and
valuable for the study of spatially discrete problems in the future, especially for study related
to geological disasters.

The disadvantages of the validation methods are summarized in here. Typically, potential
geological disasters and formation conditions considered in the study are very uncertain.For
example, predisposing factors of geological disasters only considered precipitation and
earthquakes in the study. In fact, human activity is also a very important predisposing factor.
Negative human activity often intensifies the occurrence of landslides and debris flows, such
as unreasonable land use, excessive deforestation, mineral extraction, and even some water
conservancy projects. Of course, it is still very difficult to calculate the specific impact of
human activity. Besides, this study is mainly based on topographic features of the study area
and the degree of difficulty of data acquisition to select influencing factor indicators. Some
researchers also consider distance to roads, land cover, and Topographic Wetness Index
(TWI), etc. (Regmi et al., 2010; Hong et al., 2015; Trigila et al., 2015). Incompleteness of
the selected indicators will cause a certain impact on the results, which should also be con-
sidered in future research.

7 Conclusion

This paper used different statistical regression methods to evaluate the susceptibility of
Yunnan Province, China to typical geological disasters (including landslides, flash floods,
debris flows and mixed types). This study introduced the method of spatial accuracy valida-
tion to improve the evaluation results which are shown by the SROC curve and SSR curve.
Before the improvements, the proportion of disasters and the frequency ratio of each regres-
sion model did not correspond to reality. After the improvements, the improved results are
consistent with the actual situation, and the proportion of disaster and the frequency ratio
increased because the susceptibility levels were increasing. Fortunately, the AUC values of
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the SROC curves increased by 3%—13%, and the AUC values of the SSR curves increased
by 15%-20%, indicating that the space discrete expression causes substantial error for the
evaluation of the models.

At last, the evaluation accuracies of LR, SAR, GWR, and SVR were 0.8325, 0.8393,
0.8370 and 0.8539, respectively, showing that the four statistical regression methods have
good evaluation capability for geological disaster susceptibility evaluation. Among them, the
evaluation results of SVR are proved to be more reasonable than others. Therefore, the
evaluation results of SVR can be considered to be the geological disasters susceptibility
mapping of Yunnan. According to the evaluation results of SVR, the central- southern Yun-
nan Province, including Pu’er, Lincang, Wenshan, Xishuangbanna, southwest of Yuxi and
south of Honghe, are the highest susceptibility areas in the province, followed by Nujiang,
Zhaotong, Baoshan and Dehong. The lowest susceptibility is mainly located in the central
and northern parts of the study area, including Kunming, Qujing, Chuxiong, Dali, Diqing
and north of Honghe. The disaster susceptibility research framework in this study can be
applied to other study areas.
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