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Abstract 

Estimating debris-flow volume is an essential requirement for hazard assessment in mountainous areas. A number of studies have 
been conducted on the estimation of debris-flow volumes using empirical, statistical, and physically-based methods. Despite such 
efforts, the prediction of erosion and deposition processes in mountainous terrain remains a challenging task due to the complexity 
of the issue and lack of data. In this study, data on a total of 30 debris-flow events observed in Mt. Umyeon, Seoul, Korea, which 
consist of eight GIS-based geomorphological and hydrological datasets, were collected from technical reports, scientific journals, 
aerial photographs, and DEM. The collected datasets were applied for a correlation analysis to ensure independency among the 
variables in a dataset and to avoid the over-fitting the data with a model. Using an Artificial Neural Network (ANN) technique, an 
estimation model of debris-flow volume was developed and tested by randomly selecting a validation dataset. The final ANN 
model consisted of one hidden layer with 5 neurons and exhibited training, and testing correlation coefficient (R) values, and mean 
square error (MSE) value of 0.92, 0.88 and 0.25, respectively. In order to verify the applicability of the suggested model, the 
performance of the model was compared with an existing regression equation. The results showed that the suggested ANN model 
possessed greater predictive capabilities and could serve as a reliable tool for estimating the debris-flow volume. However, 
additional factors that affect debris-flow volume should be studied for the development of a higher performance model. 
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1. Introduction

More than half of the territory of Korea consists of mountainous areas. In addition, heavy rainfall is concentrated
during the summer season due to East Asian monsoon climates. As a result of such topographic and rainfall 
characteristics, landslides and debris-flows are of frequent occurrence, causing loss of life and damage to property. 
Statistical data reported by the Korea Forest Service on annual damage caused by landslides and debris-flows in Korea 
from 1990 to 2017 show that damage area and restoration costs have averaged over 450 ha and 45 million USD per 
year, respectively. Therefore, it is a necessity to mitigate and prevent debris-flow disasters. 

The estimation of debris-flow volume is an essential requirement for hazard assessment in mountainous areas as it 
can be utilized as a major factor for indicators of the relative severity of future events in addition for the design of 
counter structures (Marchi and D’Agostino, 2004). Several researchers have conducted studies on the estimation of 
debris-flow volume through empirical, statistical, and physically-based methods, yet it remains a challenging task due 
to the complexity of predicting erosion and deposition processes in mountainous areas and a lack of data (Hungr and 
Evans, 2004). 

The objective of this study is to develop an ANN model for the estimation of debris-flow volumes without 
performing mathematical analyses on complicated debris-flow mechanisms. In order to develop a reliable and effective 
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model, GIS-based geomorphological and hydrological datasets were collected from well-documented reports (KSCE, 
2012) on historical debris-flow events that occurred at Mt. Umyeon in 2011. Eight conditioning factors built on GIS 
were selected through a correlation analysis and used as input parameters to operate the ANN model. The performance 
of the developed ANN model was verified by calculating the MSE value and correlation coefficients (R) of training 
and testing datasets. Lastly, comparisons were made with an existing conventional regression model.  

2. Study Area and Data

2.1. Description of the study area 

The study area was Mt. Umyeon, which is located in Seoul, South Korea (Fig. 1). The highest elevation of this area 
is 293 m above sea level. Areas with slopes greater than 15° cover 69% of the total area, and areas with slopes greater 
than 30° constitute 8%. The study area is part of the monsoon climate zone with hot and humid climates and intensive 
seasonal rainfall in the summer season. 

On July 27th, 2011, a localized heavy rainfall event at Mt. Umyeon triggered approximately 151 shallow landslides. 
Most of the landslides were mobilized into debris-flows, which resulted in economic losses of approximately $15 
million USD as well as 16 fatalities and damage to 11 buildings (Park, 2014). As shown in Fig. 1, more than 30 debris-
flow events were observed in this area and the area was partitioned into 30 watersheds based on the lowest pour points 
of the study area.  

Fig. 1. Location of the study area and an aerial photograph showing the 32 debris-flows (blue colored polygons) in the 30 watersheds (outlined by 
white lines) 

2.2. Debris-flow volume 

The volumes of the debris-flows were measured based on field evidence. For detailed information of 15 debris-
flow events, the volume data were calculated as the product of the average width, length, and erosion depth of the 
debris-flow path provided in a field survey report by the Korean Society of Civil Engineers (KSCE) in 2012. For the 
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remaining 15 cases, the volume data were conservatively estimated by identifying the scoured areas based on aerial 
photographs taken after debris-flow occurrence and multiplying the areas with the soil depth as erodible materials. 

2.3. Debris-flow controlling factors 

The selected geomorphological and hydrological controlling factors comprised of 8 types of features: the watershed 
area (), the mean slope of stream (), area with slopes greater than 15° (), area with slopes greater than 30°( ), area with slopes less than 15° (), the mean topographic roughness index ( ), the mean sediment 
transportation index ( ), and the mean stream power index ( ). All datasets were produced in 10m resolution. 

The watershed area is one of the most essential and important factors of debris-flow amount, and has been 
considered in several studies (D’Agostino and Marchi, 2001; Chang et al., 2011). Larger watershed areas in steep 
mountainous terrain indicate greater capacities of water, which increase the possibility of debris-flow occurrence. 

The mean slope of stream is another important factor that directly affects the slope stability. Considering the fact 
that most debris-flows in Korea occur as the channelized type (Jeong, 2013), the stream slope can greatly influence 
the erosion and deposition processes of debris materials. 

Factors such as , , and  , which consider both watershed area and slope, are major factors in predicting 
the volume of debris-flow. According to studies by Takahashi (1981) and Kang (2017), debris-flow can occur if the 
slope is greater than 15°. Areas with slopes greater than 15° accounted for 69.2% of the total study area. Conversely, 
areas with a slope of less than 15° might be considered safe areas for the occurrence of debris-flow. 

The TRI is a morphological index of the degree of surface ruggedness (Riley et al., 1999). Most of the debris-flow 
initiation points exhibited high TRI values. Therefore, it can be concluded that a high TRI value is required to generate 
the debris-flow. The index is given by Eq. (1). 

 = ∑x − x /
(1) 

where  is the elevation of each neighboring cell. 
STI and SPI are hydrological factors, which measure the erosive power of the flow and the transport capacity, 

respectively (Moore et al., 1992). High values of STI and SPI indicate that a surge increases with increasing specific 
catchment areas () and slope gradient (β) in degrees. The indices are given by Eq. (2) and (3).  =  ( )   (2)  = 1.4( .).( . ). (3) 

2.4. Database establishment 

Based on the aforementioned processes, data extraction was performed for each watershed, and a database was 
established (Table 1). Among the 30 debris-flow events, the volume ranged from a minimum of 685  to a maximum 
of 46,250. 

Table 1. Database of debris-flow volume and conditioning factors 

Watershed 
ID  ()  ()    ()  ()  ()  (°)       

W1 46250 75600 27400 61200 16100 19 125.2 4.1 30.9 
W2-1 4400 14700 5800 15400 4000 16.2 101.9 4.4 26.7 
W2-2 3120 38400 9000 23900 15900 16.2 99.7 3.9 23.9 
W3-1 22500 93600 5600 68000 29200 17.5 111.5 4.1 26.8 
W3-2 26400 118000 26200 88000 26500 17.5 124.6 4.7 34.8 
W4 30912 421400 69200 245200 69200 17.8 109.5 4.1 29.3 
W5 878.8 74500 600 32900 25600 11.8 69.3 3.3 16.9 
W5-2 685 158600 200 50400 42300 11.8 61.6 3.2 16.3 
W6-1 14730 149400 25200 119700 33100 12 95.3 3.7 24.2 
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Table 1. Database of debris-flow volume and conditioning factors (continued) 

3. Methodology

3.1. Correlation analysis for selecting controlling factors 

In general, the more variables used in a developed estimation model, the better the prediction result. However, if 
the analysis is performed with the inclusion of meaningless factors, an over-fitting may occur even if the model is 
significant. In order to prevent this phenomenon, independent variable selection methods are used with consideration 
of the correlation with the dependent variable. In this study, the Pearson, Kendall and Spearman correlation analyses 
were performed. 

3.2. Artificial Neural Network modeling 

In this study, an ANN model was used to consider the non-linear relationships between debris-flow volume and the 
controlling factors. The ANN modeling mainly consists of a combination of various neurons in a multi-layer system. 
The output value of a certain neuron is the product of the weight prior to inputting the value to another neuron. The 
net is calculated as the sum of the products of each weight and the outputs from the previous neurons. The output is 
then used as the input value of the next neuron. The net and output can be calculated using transfer functions as shown 
in Eq. (4) and (5):  = ∑   (4)  = f( − ) (5) 

where   is the input value to a certain neuron, is the synaptic weight for the corresponding input value,  is the 
bias of each neuron, and  is the transfer functions such as sigmoid, tangent, and linear functions. In this study, the 
ANN model was trained using Bayesian regularization, which is commonly used for the error back-propagation 
algorithm (Kayri, 2016).  For the performance evaluation of the ANN model, the R and MSE values were considered. 
The R has a value between -1 and 1, and the closer to 1, the better the predictive accuracy of the model. In the case of 
MSE, it can be evaluated as a good performance model when the value is closer to 0. The R and MSE are calculated 
as in the following Eq. (6) and (7):  

Watershed 
ID  ()  ()    ()  ()  ()  (°)       

W6-2 6730 43500 18200 43000 8000 18 108.7 3.6 26.8 
W6-3 5400 78100 20800 62700 23500 15.6 94.0 3.0 20.4 
W7 18207 786400 95600 485000 147200 15.8 97.9 3.7 24.5 
W9 39067 678900 176200 505900 136200 19.7 116.4 4.2 31.1 
W10 3188 64200 3200 39700 15500 17.6 84.2 3.5 22.2 
W11-1 18765 315000 161000 284200 34600 21.7 128.6 4.3 33.5 
W11-2 14857.6 127800 18600 99800 34400 21.7 102.6 4.1 26.9 
W12-1 3174.4 29200 8200 24900 5800 16.9 88.7 3.6 24.0 
W12-2 2,307 5300 3400 10200 1500 16.9 84.9 3.2 22.2 
W12-3 1630.7 7100 400 6700 1700 16.9 74.5 3.4 21.3 
W13-1 6074.6 164100 71200 142000 31800 17.6 109.6 4.2 29.8 
W13-2 5657.4 159900 24800 128000 28300 17.6 91.9 3.7 24.0 
W14 1338.7 17700 3400 11500 6200 15 65.5 3.7 19.1 
W15-1 7331.4 11400 2400 26500 13600 15.6 76.9 3.3 19.4 
W15-2 2327 38400 0 7600 6900 15.6 60.9 3.1 16.2 
W16 3176 90900 1200 44900 22400 13.3 73.8 3.1 17.0 
W17 2552.3 57000 3800 39400 16500 15.9 79.9 4.0 22.6 
W18-1 3710.1 65700 6400 47700 17600 19.4 103.8 4.3 26.2 
W18-2 9870 119700 32200 92600 27000 19.4 120.9 4.4 31.3 
W19 10465.5 76200 40000 65000 10200 20.9 130.5 4.3 34.4 
W20 6960 90800 25400 76400 18200 20.1 125.4 4.3 32.3 
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R =  (,) (6) 

MSE =  ∑ [() − () ] (7) 

where,   is the covariance,  is the standard deviation,  is the natural log of the estimated debris-flow volume,  
is the natural log of the measured debris-flow volume, and  is the total number of dataset. 

A total of 30 observed debris-flows were randomly selected for the training and testing phases, with 70% of the 
data being used for the training phase and 30% being used for the testing phase. The dependent variable, the debris-
flow volume, is likely to have a large MSE value due to its wide range and large variance. In order to avoid this 
problem, the natural logarithm of debris-flow volume was used to reduce the data range and variance. In addition, in 
order to determine an optimal network structure, the number of neurons in the hidden layer varied from 1 to 7, with 
transfer function combinations shown in Fig 2. The ANN modeling of each transfer function combination was 
performed 1000 times, after which the average R-value was calculated to select the best transfer function combination. 
After selecting the best combination of transfer functions and neurons in the hidden layer with the highest average R-
value, the ANN model with the lowest MSE was selected as the best predictive model. 

3.3. Comparison with an existing regression model 

In order to compare the performance of the proposed model with an existing model for estimating the debris-flow 
volume, a regression equation proposed by Marchi and D'Agostino (2004) was obtained using the database of the 
study area. Marchi and D’Agostino suggested the regression equation of the form of Eq. (8) for the Eastern Italian 
Alps, and used the mean stream gradient and watershed area as the two main factors.  =  ∙   ∙  (8)

Here,  is the watershed area (), S is the mean stream gradient (°), and a, b, and c are fitting coefficients. The 
results of ANN model and the regression model were compared through the coefficient of determination ().  

4. Results

4.1. Correlation analysis result 

The correlation of independent variables was confirmed by considering Pearson, Kendall, and Spearman correlation 
coefficients and significance probabilities (Table 2). The significance probability is considered to be significant for 
values of 0.05 or less, and the correlation coefficient indicates no correlation when the value is between -0.2 and 0.2. 
All controlling factors collected in this study are somewhat correlated with the determination of debris-flow volume. 
Therefore, all variables were used for the ANN model development. 

Table 2. Correlation analysis results 

Conditioning 
factors 

Pearson’s correlation Spearman’s correlation Kendall’s correlation 
Coefficient P-value Coefficient P-value Coefficient P-value  0.521 0.003 0.600 0.000 0.437 0.001   0.601 0.000 0.791 0.000 0.617 0.000  0.594 0.001 0.764 0.000 0.568 0.000  0.477 0.008 0.535 0.002 0.407 0.002  0.562 0.001 0.590 0.001 0.451 0.001 

TRI 0.794 0.000 0.798 0.000 0.614 0.000 
STI 0.602 0.000 0.795 0.000 0.618 0.000 
SPI 0.590 0.000 0.595 0.001 0.384 0.003 
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4.2. Artificial Neural Network modeling 

Fig 2. shows the correlation coefficient corresponding to the transfer function combination and the number of 
neurons in the hidden layer. The analysis results of the six transfer function combinations showed that the training R-
values were approximately 0.8 and the testing R-values were approximately 0.7, regardless of the combination when 
the number of neurons was 3 or greater. Among the results, the model with 5 neurons showed the best performance 
(Training R-value=0.88, MSE=0.25, Testing R-value=0.81, MSE=0.55) with the combination of log-sigmoid and 
linear functions.  

The determined artificial neural network structure consisted of eight input data, one hidden layer with five neurons, 
and one output layer, and the transfer function consisted of a combination of log-sigmoid and linear functions (Fig. 3). 
The ANN model using the selected transfer function and structure exhibited relatively high R-values, with 0.91 for 
training, 0.81 for testing, and 0.87 for the overall data (Fig. 4). 

Fig. 2. Correlation coefficients of training and testing phases according to transfer function combination and the number of neurons; (a) log-sigmoid 
& linear function; (b) log-sigmoid & log-sigmoid function; (c) log-sigmoid & tangent-sigmoid function; (d) tangent-sigmoid & linear function; (e) 
tangent-sigmoid & log-sigmoid function; (f) tangent-sigmoid & tangent-sigmoid function 
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Fig. 3. ANN network (8-5-1) for estimating debris-flow volume 

Fig. 4. ANN model performance results 

4.3. Comparative analysis with an existing regression model 

The fitting coefficients of Eq. (8) were derived using the MATLAB fitting curve tool. The regression equation using 
the data of the study area is as follows:  = 0.3055 ∙ . ∙ .  (9) 

In order to evaluate the performance of the ANN model, this study compared the estimated debris-flow volumes 
with the observed debris-flow volumes based on the total data. As a result, the -values of the regression equation 
and the ANN model were 0.65 and 0.79, respectively (Fig. 5). The results show that the ANN model is a reliable and 
useful tool for estimating the debris-flow volumes. 

Fig. 5. Comparison of estimated and measured values using the ANN model and the regression equation 
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5. Conclusion

In this study, an ANN model was suggested for the reliable estimation of debris-flow volume. The model was 
developed based on 30 debris-flows events and 8 controlling factors including the  , , , ,  , TRI, STI, 
and SPI. The collected datasets were subjected to a correlation analysis to ensure independency among the variables 
and to avoid the over-fitting problem. An ANN network of 8-5-1 structure using sigmoid and linear transfer functions 
was adopted as the model exhibited reliable performance indicated by a high R-value of 0.91 for the training dataset. 
From the results of comparisons with an existing regression model, the ANN model exhibited greater predictive power 
and was a more reliable tool for estimating the debris-flow volume. However, the applicability of this model must be 
limited to local conditions similar to the study area. In addition, additional factors that affect debris-flow volume 
should be studied to develop a higher performance model. 
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