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ABSTRACT 

 Debris flows are geological phenomena in which saturated masses of soil and fragmented 

rock surge down slopes, entrain objects in their paths, and form thick, muddy deposits on valley 

floors. The purpose of this study was to develop protocols for debris flow hazard characterization 

for the Ocoña River Valley in the Arequipa region of Peru by qualitatively and semi-

quantitatively analyzing the relationship between debris flow causative factors and the 

occurrence of debris flows. Logistic regression was used to identify areas susceptible to debris 

flows based on a combination of input parameters. The models produced logit equations which 

were then input into ArcGIS to create susceptibility maps of debris flow deposits and sources. 

The results of the study revealed that the semi-quantitative approach models performed best for 

the deposits, whereas the qualitative approach models performed better for the sources. This was 

the case for both the visualization of the susceptibility maps and the comparison of them to the 

inventories. According to the ROC curve results, the qualitative approach produced models that 

outperformed the semi-quantitative approach for both deposits and sources. This work should 

result in improved safety for the nearby communities by identifying potential locations of future 

debris flows. 
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CHAPTER 1 

INTRODUCTION 

Disruption of terrain in the vicinity of mining operations frequently causes geologic 

hazards, such as landslides, debris flows, and rockfall, which endanger mining workers and 

nearby residents. This is especially important in mountainous terrains, such as the Arequipa 

region in Peru. Mining operations can lead to increased erosion and changes in hydrological and 

hydrogeological processes; hence they can make slopes more susceptible to instability. This 

exposes new areas and populations to these hazards, thus warranting geohazard studies of 

selected mining communities. 

The purpose of this thesis was to develop protocols for geologic hazard characterizations 

that can be applied throughout the Arequipa region. The study qualitatively and semi-

quantitatively analyzed the relationship between debris flow causative factors and the occurrence 

of debris flows by applying logistical regression on a GIS platform. Geoprocessing tools in a 

Geographic Information Systems (GIS) platform were used for protocol development, which 

included data acquisition, inventory map creation, data compilation, logistic regression 

parameterization, logistic regression modeling, susceptibility mapping, and accuracy assessment. 

For the extent of this thesis, the primary geohazard mapped was debris flows, where specific 

criteria were used to identify the deposit and source zones. 

Logistic regression, also known as logit, is a commonly used statistical model for 

estimating the probability of an event in response to a group of predictor variables. Logit can be 

used to identify areas susceptible to debris flows based on a combination of input parameters or 

predictor variables. The input parameters included in this analysis were slope angle, slope aspect, 

slope curvature, Melton’s number, basin roughness, proximity to drainage, and geology. The 

deposit and source area models produced logit equations which were then input into ArcGIS to 

develop susceptibility maps. The results from the models were semi-quantitatively compared 

using a receiver operating characteristic (ROC) curve method. The accuracy of the susceptibility 

maps was assessed based on how well the predictive maps compare with the field mapped 

inventories. This work should result in improved safety for mining workers and nearby and 

downstream residents by identifying potential locations prone to future debris flows. 
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1.1 Background 

The work presented in this thesis was part of a more extensive research study, which 

consists of mapping several geohazards across multiple study sites. That research investigated 

the hazard level and susceptibility of landslides, debris flows, rockfall, hillslope erosion, 

flooding, liquefaction, and collapsible soils throughout the Arequipa region. Meanwhile, this 

study focused on the deposit and source zones of debris flows throughout a set of communities 

along the Ocoña River Valley in the Arequipa region of Peru (Santi et al., 2021). 

Debris flows are geological phenomena in which saturated masses of soil and fragmented 

rock surge down slopes, entrain objects in their paths, and form thick, muddy deposits on valley 

floors. They are usually formed when heavy precipitation concentrates in a basin and collects 

unconsolidated soil and other earth materials in the flow so that a slurry forms and the entrained 

particles have no shear strength (White et al., 2008). As the viscous fluid moves rapidly 

downslope, the flow carries large debris, such as boulders and cobbles, because of its velocity 

and hydraulic energy. As the slope flattens, the flow slows and eventually stops as friction occurs 

between soil particles and the shear strength re-engages (White et al., 2008). There are two forms 

of debris flows: hillslope and channelized, which are based on the topographic and geological 

characteristics of their locations, as can be seen in Figure 1 (modified from Nettleton et al., 

2005). For this project, channelized debris flows are found within the study area as they follow 

existing channel-type features such as valleys, gullies, and depressions. These flows are often of 

high density, 80% solids by weight, and have a consistency equivalent to that of wet concrete 

(Cruden & Varnes, 1996; Hutchinson, 1988). 

 

Figure 1.1 Conceptual figures of debris flow types (modified from Nettleton et al., 2005). 
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Bovis and Jakob (1999) conducted a study to examine the role of debris supply 

conditions in predicting debris flow activity. They used multiple regression models to predict 

debris flow magnitude, peak discharge, frequency, and activity of basins in southwest British 

Columbia (Bovis & Jakob, 1999). The basins were classified according to their sediment supply 

conditions (weathering-limited and transport-limited), and separate regression equations were 

used to predict debris flow attributes in each group. Some terrain variables that they included in 

their regression models were elevation relief ratio, Melton’s ruggedness number, zero-order 

ruggedness, mean basin slope, and rock compressive strength (Bovis & Jakob, 1999). The 

regression results indicated that prediction of some debris flow attributes was possible with only 

some terms, especially for magnitude and peak discharge of debris flows in transport-limited 

basins, whereas poorer predictions for frequency and activity were found in weathering-limited 

basins (Bovis & Jakob, 1999). 

Debris flow analysis is a geospatial problem. The combination of statistical models and a 

GIS platform is well suited for conducting debris flow susceptibility study qualitatively and 

semi-quantitatively. GIS can also help for the visualization of the spatial distribution of areas 

prone to debris flow under different scenarios. Many researchers used the combination of 

analytical modeling and GIS to conduct debris flow or landslide susceptibility analysis 

successfully (e.g., Xu et al., 2013; Blais-Stevens & Behnia, 2016; Wu et al. 2019; Wu et al. 

2020; Santi et al., 2021; Zhou, 2021; Zhou et al., 2021; Southerland & Zhou, under review). 

Details of a few examples are given in the next few paragraphs. 

A study assessing the debris flow susceptibility using GIS and an information value 

model was performed for the Sichuan Province, China, as debris flow disasters frequently occur 

(Xu et al., 2013). In this study, an information value model was applied to calculate the 

information values of seven environmental factors, such as surficial geology, slope, aspect, flow 

accumulation, vegetation coverage, soil type, and land use. Then, the comprehensive information 

was analyzed by GIS to determine the debris flow susceptibility, such that about a quarter of the 

study area suffers from high-to-very high susceptibility (Xu et al., 2013). 

A study mapping the debris flow susceptibility using a qualitative heuristic approach 

along the Yukon Alaska Corridor in Canada indicated criteria considered relevant to the 

initiation of debris flows (surficial geology, slope angle, slope aspect, plan curvature, and 
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proximity to drainage) and their respective class ratings for debris flow susceptibility (Blais-

Stevens & Behnia, 2016). Their inventory map was used to validate the susceptibility maps 

produced. They found that the susceptibility map correlated well with known events and 

displayed other channels susceptible to future debris flows. The inventory map created for this 

project was used in a similar way to train and validate the susceptibility maps by identifying 

areas of known debris flow deposit and source locations. 

A study conducted by Wu et al. (2019) examined the debris flow susceptibility in the 

semi-arid mountainous region of the southeast Tibetan Plateau using a modified logistic 

regression model. Ten assessment factors applicable to the regional conditions and their relations 

to debris flows were selected, including slope angle, slope direction, relative relief, gully density, 

lithology, normalized difference vegetation index (NDVI), distance to faults, distance to roads, 

surface roughness, and the monthly average precipitation during the rainy seasons (Wu et al., 

2019). The prediction results showed that the actual debris flow area accounted for 92% of the 

total predicted debris flow area. The study revealed that the highest susceptibility areas were 

concentrated along the river, and human activity was found to be closely related to the 

probability of debris flow occurrences. In this study, the model results were tested according to 

the Receiver Operating Characteristic (ROC) curve to determine the best-fitting model. The Area 

Under the ROC Curve (AUC) value of the optimal model was determined to be 0.827 (Wu et al., 

2019). 

1.2 Scope and Objectives 

 The purpose of this study was to develop protocols for debris flow hazard 

characterization and evaluate the effectiveness of logit models to predict debris flow deposits and 

sources for the Ocoña River Valley in the Arequipa region of Peru. The study qualitatively and 

semi-quantitatively analyzed the spatial relationship between debris flow causative factors (in the 

categories of geomorphology, hydrogeology, and geology) and the occurrence of debris flows. 

The protocols consisted of data acquisition, inventory map creation, data compilation, logistic 

regression parameterization, logistic regression modeling, susceptibility mapping, and accuracy 

assessment. The accuracy evaluation was conducted by examining the performance of the logit 

models using an ROC curve method. This work should result in improved safety for mining 
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workers in the vicinity and nearby and downstream residents by identifying potential locations of 

future debris flows. 

 Previous studies analyzing debris flow hazards within the study area could not be found 

in the literature. Many related studies focused on debris flow susceptibility mapping according to 

different methods and variables (e.g., Xu et al., 2013; Blais-Stevens & Behnia, 2016; Chen et al., 

2017; Wu et al. 2019; Wu et al. 2020; Santi et al., 2021; Zhou, 2021; Zhou et al., 2021; 

Southerland & Zhou, under review). This research differed from those studies for a few reasons. 

One main difference from all these studies was that this research analyzed the susceptibility for 

the deposit and source areas separately, as there is a notable difference in the factors for each 

area. Another major difference between this thesis and other studies was that while there is some 

overlap in the intrinsic factors, this exact combination of factors (slope angle, slope aspect, slope 

curvature, Melton’s number, basin roughness, proximity to drainage, and geology) was not used 

in another study. 
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CHAPTER 2 

STUDY AREA 

 The areas of study for this research included three small mining communities within the 

Arequipa region: Secocha, Alto Molino, and San Juan de Chorunga. Collectively, these 

communities are located near several mining operations, and their locations will be hereby 

referred to as the Ocoña River Valley study area (Figure 2.1). 

 

Figure 2.1 Map of the Ocoña River Valley study area, identifying the locations of the study sites 

and the mining operations associated with the communities. 

 As of the 2017 census, there are approximately 5,119 people in Secocha, 801 people in 

Alto Molino, and 1,470 people in San Juan de Chorunga (Instituto Nacional de Estadística e 

Informática, Peru, 2017). There is a dirt road that traverses the eastern valley wall north from the 

Pacific Ocean. This road branches towards Secocha across the Ocoña River and at Alto Molino, 
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which then continues east past San Juan de Chorunga. The mining areas near each of these 

communities are accessible by dirt roads as well. 

2.1 Geologic Background 

 The Ocoña River Valley extends over 150 km from the Pacific Coast to the Andes 

Mountains, where its headwaters are located. This region is about 500 to 1500 m wide and 1500 

m deep and is characterized by a broad, flat alluvial valley flanked by sheer rocky cliffs devoid 

of vegetation (Figure 2.2). The valley walls are composed of a complex mixture of Cretaceous-

to-Quaternary igneous rocks, both intrusive and extrusive (monzonite, tonalite, and andesite), 

Precambrian metamorphic rocks (gneiss, paragneiss, and schist), and Jurassic-to-Paleogene 

sedimentary rocks (conglomerates, tuffaceous sandstones, quartz sandstones, siltstones, 

limestones, and shales). The area of the valley with the Ocoña River is comprised of gravel and 

sand in a sand-loam matrix (Instituto Geológico Minero y Metalúrgico, 2017). 

 

Figure 2.2 Typical view of the Ocoña River Valley. Braided stream carrying dominantly gravel 

and sand is seen on the far side of the valley, with irrigated farmland on the near side of the 

valley. Far mountain slopes are completely devoid of vegetation. 

There is substantial river flow in the springtime from snowmelt in the headwaters region 

of the watershed. The resulting physiography of the valley, shown in Figure 2.3, is dominated by 

braided stream deposits, alluvial terraces, debris fans, and talus slopes. This combination of 
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factors results in debris flow hazards within longer side canyons and across the debris/alluvial 

fans at canyon mouths. 

 

Figure 2.3 Photos showing (a) the view of Secocha located on debris flow deposits and with talus 

slopes behind the town, and (b) a stratigraphic section depicting alluvial deposits below debris 

flow deposits. 

2.2 Climate 

 Most of the valley has an arid climate and receives 43.65 to 374.74 mm of precipitation 

annually, as can be seen in Figure 2.4, based on a fourteen-year interval from 2000 to 2013 in the 

nearby community of Yanaquihua (Servicio Nacional de Meteorología e Hidrología del Perú, 

2021). Yanaquihua is located to the northeast in the mountains, where it receives more 

precipitation than the study area located closer to the coast and in the valley. Like the study area, 

this town is located in semi-arid mountains, which falls under the Köppen-Geiger “Hot/Cold 

Arid Desert” climate classification, according to Beck et al. (2018). A dry year typically receives 

less than 100 mm of rainfall, whereas a wet year receives more than 150 mm of rainfall. For the 

watershed that contains the study area and Yanaquihua, most of the precipitation occurs during 

the months of January to April, since this corresponds to the summer and fall seasons for the 

southern hemisphere (Servicio Nacional de Meteorología e Hidrología del Perú, 2021). 
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Figure 2.4 Annual precipitation for Yanaquihua, Peru from 2000 to 2013 (Servicio Nacional de 

Meteorología e Hidrología del Perú, 2021). 

2.3 Study Sites 

 The towns of Secocha, Alto Molino, and San Juan de Chorunga are represented by the 

blue, red, and purple polygons, respectively, in Figure 2.1. The valley’s historical population has 

been focused on farming within the floodplain and lower terraces, with small villages of dozens 

of people. Residents also have crawfish trapping operations in the Ocoña River. The residents of 

Secocha did not begin developing the area until about 20 years ago, as shown in Google Earth’s 

historical imagery (Figure 2.5).  

 

Figure 2.5 Changes in the Secocha community from 2004 to 2021 (images from Google Earth): 

(a) mining activities uphill of the community, (b) community development on an active debris 

fan, and (c) agricultural development encroaching the Ocoña River. 

Since then, there has been a rapid development of agriculture and gold mining operations 

along the valley walls upslope of the town. Unfortunately for the current residents, the 
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community’s founding members built the town on top of debris flow deposits. Every now and 

then, when there is heavy rainfall, there is the potential for debris flows and mudslides moving 

down the valley and impacting the town and its residents. The Ocoña River traverses and 

meanders through the valley, and the main branch has changed its general location in the valley 

since the town was constructed. Other geohazards that affect the town include rockfall and 

erosion, especially near the mining operations and the slope surrounding the town. 

Similar growth in population and development was experienced in Alto Molino (Figure 

2.6) and San Juan de Chorunga. The mining operations for Alto Molino are located along the 

western side of the Ocoña River valley and north of the town, while the mining for San Juan de 

Chorunga is located upslope of the town itself. These towns are also affected by rockfall and 

erosion; however, these are not directly influenced by mining operations for Alto Molino. Like 

Secocha, San Juan de Chorunga was built on a debris flow deposit and experiences debris flows 

when there is heavy rainfall. 

 

Figure 2.6 Changes in the Alto Molino community from 2004 to 2020 (images from Google 

Earth): (a) mining activities to the west of the community, (b) community development towards 

the east, and (c) agricultural development encroaching and confining the Ocoña River. 

(a) 

(b) (c) 

2004 2020 
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CHAPTER 3 

METHODS 

 Developing the protocols for geohazard characterizations that can be applied throughout 

the Arequipa region in Peru was crucial. Geoprocessing tools and models in a GIS platform were 

used to develop these protocols. This research was broken down into two phases: Phase I (data 

acquisition, inventory map finalization, and data compilation) and Phase II (logistic regression 

parameters identification and preparation, logistic regression modeling, susceptibility mapping, 

and accuracy assessment). The workflows for each phase of this project are shown in their 

respective sections. 

3.1 Phase I 

 As previously mentioned, Phase I of this research consisted of acquiring data from 

multiple sources using various methods, using the acquired data to create preliminary and 

finalized inventory maps, and compiling data sources that for use in logistic regression modeling. 

The workflow for this phase is shown in Figure 3.1. 

Figure 3.1 General workflow for Phase I of the research. 

3.1.1 Data Acquisition 

 For the data acquisition stage, preliminary inventory mapping needed to be conducted 

first. This involved perusing literature and geologic maps for known debris flows across the sites 

and examining historical aerial imagery using Google Earth (Luque Poma & Rosado Seminario, 

2014; Instituto Geológico Minero y Metalúrgico, 2017). During this process, several debris flow 

deposits and potential source areas were identified at each study site, and their locations were 
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marked for reference when in the field. Fieldwork occurred in July 2019, which involved 

confirming previously identified debris flows and recognizing additional debris flow deposits 

and source areas. Subjective decision criteria were used to identify the deposit and source areas 

within the study area (see Table 3.1). 

Table 3.1 Debris flow deposit and source area decision criteria. 

 Criteria Explanation 

Deposit Based on geologic maps, literature, historical aerial imagery, and fieldwork. 

Source Area The extent of drainage channel(s) feeding debris flow. 

 

3.1.2 Inventory Mapping 

 After conducting the fieldwork, the inventory maps were finalized with known locations 

of previously suspected and unidentifiable debris flow deposits and sources. The areas of debris 

flow deposits and sources were digitized in Google Earth and then converted into polygon 

feature classes using ArcMap. The process of acquiring data and creating preliminary inventory 

maps for each study site produced the finalized inventory map in Figure 3.2. A total of three 

maps were created using this process, but due to the close proximity of the study sites to each 

other, these maps were combined, resulting in a single map. This inventory was vital to train the 

logistic regression models to: (1) accurately predict the presence of debris flow deposits and 

sources within the study area, and (2) validate the debris flow susceptibility maps.  
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Figure 3.2 Finalized inventory map of debris flow deposits and sources in the study area. 

3.1.3 Data Compilation 

 Following the data acquisition and inventory mapping, the data was compiled in ArcGIS 

for use in logistic regression modeling. The data needed for the logistic regression models were 

created from several sources (see Table 3.2). The results of the logistic regression models were 

used to create susceptibility maps for debris flow deposits and source areas. Figure 3.3 displays 

the maps of the 5m x 5m Digital Terrain Model (DTM), 30m x 30m Advanced Spaceborne 

Thermal Emission and Refection Radiometer (ASTER) Digital Elevation Model (DEM), and 

geology within the study area. The DTM, acquired through Digital Globe, was set to the extent 

of the study area, while the DEM, obtained from USGS Earth Explorer, comprised a larger area 

but is shown to the extent of the study area for display purposes. Due to the finer resolution and 

the lesser extent of the DTM (Figure 3.3a), this datum was used to derive topographic parameters 
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for the logistic regression models. Since the DEM (Figure 3.3b) comprised a greater area, this 

datum was vital to perform a hydrogeological analysis that was not constrained by the study area. 

The geologic map (Figure 3.3c) was procured via Instituto Geológico Minero y Metalúrgico 

(2017) across a more expansive area and was clipped to the study area. 

Table 3.2 Geospatial data sources for the basis of logistic regression models to predict debris 

flow susceptibility in the Ocoña River Valley study area. 

Layer Name Source Description 
Geodatabase 

Feature 

Debris Flow Digitized 
Debris flow deposit and source 

area polygons 

Polygon feature 

classes 

DTM Digital Globe 
Digital Terrain Model with 5m x 

5m resolution 
Raster dataset 

ASTER 

DEMs 
USGS Earth Explorer 

Digital Elevation Models with 

30m x 30m resolution 
Raster datasets 

Geology 

Instituto Geológico 

Minero y Metalúrgico 

(IMGEMMET) 

Georeferenced geologic maps of 

quadrangles surrounding the 

study area at a 1:100,000 scale 

Polygon feature 

class 

 

According to Figure 3.3c, there are nine different geologic units within the study area: the 

Alluvial Deposits are gravel and sand in a sand-loam matrix; the Andagua Group is gray-to-black 

andesitic and basaltic porphyritic lava; the Andesite is as the name suggests; the Coastal Basal 

Complex is gneiss, paragneiss, and alkaline shists and granites; the Coastal Batholith is tonalite 

and monzonite; the Labra Formation is quartz sandstones interspersed with shales; the Moquegua 

Formation is an intercalation of conglomerates, tuffaceous sandstones, and gray limestones; the 

Seneca Formation is tuffs and dacitic-to-rhyolitic breccia; and the Sotillo Formation is an 

intercalation of sandstones, conglomerates, gypsum layers, and anhydrite. This datum was 

originally obtained as shapefiles, which were then merged together, and finally converted into a 

raster with a cell size of 5m x 5m for future use in logistic regression modeling. 
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Figure 3.3 Maps of the geospatial data sources to create logistic regression parameters: (a) 5m x 

5m DTM (Imagery © 2019 Digital Globe, Inc.), (b) 30m x 30m ASTER DEM (ASTER DEM 

image courtesy of the U.S. Geological Survey), and (c) Geologic Map (Instituto Geológico 

Minero y Metalúrgico, 2017). 

 The collection date of the data sources inherently affects the parameters, which then 

influences the models and maps. The topographic, hydrogeologic, and geologic data before a 

debris flow event would be different than a time after an event. Seasonal effects can also change 

parameters. For example, there is more water in the valley during the summer due to snowmelt 

and increased precipitation, whereas the winter has less water due to decreased precipitation and 

increased snow in the headwaters region. The geologic data was compiled in 2017, whereas the 

elevation data (DTM and DEMs) were created in 2019. The susceptibility maps show near-

present day conditions of the valley in terms of debris flow probability. However, they do not 

show the conditions prior to debris flows within the valley or even ideal scenarios for debris flow 

mobilization. 

(b) (a) 

(c) 
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3.2 Phase II 

 The second phase focused on creating logistic regression parameters and models that 

predicted the likelihood of future debris flow based on the character of the surrounding 

environment, the development of susceptibility maps, and the assessment of the models and 

maps. The workflow for this phase is shown in Figure 3.4. 

 

Figure 3.4 General workflow for Phase II of the research. 

The purpose of logistic regression analysis is to describe the relationship between a set of 

predictors and a response. It is useful for predicting the presence or absence of a characteristic or 

outcome based on a set of predictor variables (Minitab, 2019b; Pardeshi et al., 2013). In a binary 

logistic regression, the response variable is dichotomous, such that it has two outcomes, such as 

pass and fail or yes and no. In the case of debris flow susceptibility mapping, the logistic 

regression model finds the best fitting model to describe the relationship between the presence or 

absence of debris flows and the set of independent variables or parameters (Ayalew & 

Yamagishi, 2005). Logistic regression is a statistical model of slope instability built on the 

assumption that factors that caused slope failures in the past are the same as those which will 

generate them in the future (Guzzetti et al., 1999).  

A logistic regression model is constructed following the compilation of data that control 

the presence or absence of an event (e.g., debris flow deposits and source areas). The debris flow 

inventory is then used to extract values associated with these variables, which is then imported 

into a statistical analysis program, such as Minitab. After multiple logistic regression models are 

performed, the best-fitting models are identified, and their equations can be used in ArcGIS to 

generate susceptibility maps (Devkota et al., 2012; Elkadiri et al., 2014; Xu et al., 2012; Zhou, 
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2021, Zhou et al., 2021). A typical logistic regression model can be described with two equations 

(Equations 3.1 and 3.2) that can be used to determine the probability of the response: 

 𝑌′ = 𝑏0 + ∑ 𝑏𝑖 𝑥𝑖𝑛𝑖=1  (3.1) 

 𝑃′ = exp (𝑌′)1+exp (𝑌′) (3.2) 

where Y’ is the response variable; b0 is the coefficient not associated with any predictor; bi is the 

coefficient associated with the ith predictor, xi; n is the total number of predictors or input 

variables; and P’ is the probability of the response variable. 

Intrinsic variables can be used as controlling factors in predicting future occurrences of 

debris flows in investigated areas. However, there are no common guiding principles for 

selecting these variables (Ayalew & Yamagishi, 2005; Conforti et al., 2014; Elkadiri et al., 

2014). In this study, the intrinsic parameters were selected from among those most commonly 

used in literature and due to the availability of data, or lack thereof, to evaluate debris flow 

susceptibility. The most relevant parameters that were selected are slope angle, slope aspect, 

slope curvature, Melton’s number, roughness number, proximity to drainage, and geology. Each 

of these parameters falls under one of the main components attributed to slope instability: 

geomorphology/topography, hydrogeology, and geology. 

3.2.1 Logistic Regression Parameters 

 As previously mentioned, the most relevant parameters that were selected are slope angle, 

slope aspect, slope curvature, Melton’s number, roughness number, proximity to drainage, and 

geology. Each variable is described below, with figures illustrating them as thematic maps. 

The topographic parameters were created using the Surface toolset (Slope, Aspect, and 

Curvature tools) of the Spatial Analyst toolbox in ArcGIS. The 5m x 5m DTM was used as the 

source for each of these layers. Figure 3.5 presents the topographic parameters as thematic maps. 

Slope angle plays an important role in surface runoff, groundwater recharge and excretion, 

vegetation coverage, and debris accumulation, as it indirectly affects the development of debris 

flows (Cevasco et al., 2013; D’Amato Avanzi et al., 2004; Ercanoglu & Gokceoglu, 2004; 

Fernández et al., 1999; Wu et al., 2019). The slope aspect is determined to control the regularity 

of the microclimate distribution of the mountain slopes, which also leads to the regularity 
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differentiation of the natural geographical elements. When compared with shaded slopes, the 

sunny slopes have more intensive rock weathering, which results in the phenomenon in which 

the debris flows on the sunny slopes are more developed than those on the shady slopes (Wu et 

al., 2019). Slope curvature reflects areas where sediment can accumulate, such that the more 

concave the slope, the higher the potential for sediment accumulation and mobilization into 

debris flows. 

 

 

Figure 3.5 Thematic maps of topographic parameters: (a) slope angle; (b) slope aspect; (c) slope 

curvature. 

The hydrogeological parameters were created using multiple tools from the Hydrology 

toolset of the Spatial Analyst toolbox in ArcGIS. Several 30m x 30m ASTER DEMs were 

mosaiced together to display the entire watershed of this study area. The flowchart in Figure 3.6 

shows the process of extracting hydrologic information, such as watershed boundaries and 

(a) (b) 

(c) 
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stream networks, from a DEM. The process of extracting morphometric information was similar 

to that used by Saha & Singh (2017). A threshold of 150 cells (or 150 m3/s) was applied to the 

flow accumulation raster to create the stream features and the watershed. Similar flow 

accumulation threshold values were used by Venticinque et al. (2016) and Cartwright & Diehl 

(2017). Venticinque et al. (2016) used 100 cells (or 100 m3/s) as its threshold, and Cartwright & 

Diehl (2017) used 5000 cells (or 5000 ft3/s), which is equivalent to 150 cells (or 150 m3/s), for 

their threshold. Once the watersheds throughout the study area were delineated, several 

morphometric parameters (relief, area, stream length, and drainage density) were calculated for 

each watershed. To do these calculations, the watershed layer was converted into a polygon 

shapefile. 

 
Figure 3.6 Hydrological modeling flowchart showing tools used to create hydrogeological 

parameters. 

The hydrogeologic parameters are displayed in Figure 3.7 as thematic maps. Each 

parameter was developed as shapefiles, and however, for future use in logistic regression 

modeling, the parameters were converted into rasters with a cell size of 5m x 5m. Several studies 

(Ali & Beg, 2016; Bovis & Jakob, 1999; Godt & Savage, 2003; Jackson et al., 1987; Kabite & 

Gessesse, 2018; Kumar Dubey et al., 2015; Melton, 1965; Saha et al., 2017) indicate that there is 

a correlation between small debris flow drainage basins and Melton’s number, where Melton’s 

number (Mn) is defined as 

 𝑀𝑛 = 𝑅𝑒𝑙𝑖𝑒𝑓√𝐵𝑎𝑠𝑖𝑛 𝐴𝑟𝑒𝑎  (3.3). 
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Relief is the difference between the highest and lowest points in the basin or the range and was 

calculated in ArcMap using the Zonal Statistics tool for each basin within the watershed. 

Typically, basins dominated by debris flows have Melton’s number values between 0.3 and 1.5 

(Bovis & Jakob, 1999; Godt & Savage, 2003; Jackson et al., 1987). 

Many studies explain how the basin roughness number is calculated from basin relief and 

drainage density, Dd, to indicate the extent of land ruggedness (Ali & Beg, 2016; Kabite & 

Gessesse, 2018; Kumar Dubey et al., 2015; Patton & Baker, 1976; Saha et al., 2017; Strahler, 

1957). Drainage density is the summation of the length of streams within a basin area (Ali & 

Beg, 2016; Horton, 1945; Kumar Dubey et al., 2015; Saha & Singh, 2017; Saha et al., 2017). 

Drainage density indicates how closely spaced channels are, which determines the travel time by 

the water throughout the basin. Equation 3.4 defines drainage density: 𝐷𝑑 = 𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑆𝑡𝑟𝑒𝑎𝑚𝑠𝐵𝑎𝑠𝑖𝑛 𝐴𝑟𝑒𝑎                         (3.4). 

The ruggedness number, Rn, combines the slope steepness and length, indicating the extent of the 

instability of land surface (Kabite & Gessesse, 2018). Generally, the larger the roughness 

number, the more rugged the topography, which leads to more soil erosion for the debris flow to 

entrain in its path. Equation 3.5 defines roughness number: 

 𝑅𝑛 = 𝐷𝑑×𝑅𝑒𝑙𝑖𝑒𝑓1000   (3.5). 

Proximity to drainage is especially important for debris flows as they are usually 

triggered in steep streams and gullies along the slope. Runoff plays an important role in the 

initiation and propagation of debris flows, such that debris flows will occur closer to drainages 

(Blais-Stevens & Behnia, 2016; Elkadiri et al., 2014). 

The geologic parameter thematic map was shown in Figure 3.3c. Geology is another 

important factor in the initiation of debris flows, as the severity of weathering and degree of rock 

fragmentation drive the availability of sediment for the debris flow (Blais-Stevens & Behnia, 

2016; Wu et al., 2019). 
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Figure 3.7 Thematic maps of hydrogeological parameters: (a) Melton’s number; (b) basin 

roughness; (c) proximity to drainage. 

3.2.2 Logistic Regression Modeling 

 The second stage of Phase II was logistic regression modeling which consisted of two 

main steps: (1) parameter reclassification and (2) logit procedure. The parameter reclassification 

step was conducted for both types of inventories (deposits and sources). Since debris flows 

cannot initiate in the alluvial valley, this area was excluded from each parameter for the source 

reclassifications. Then the parameter values were extracted to confine the parameter 

reclassifications to the valley walls. The logit procedure step consisted of mesh creation across 

the entire study area, inventory selection for model training, buffer creation around the selected 

inventory, zonal statistics tabulation, logistic regression modeling, and output model probability 

equations. 

(a) (b) 

(c) 
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3.2.2.1 Parameter Reclassification 

Following the creation of the logit parameters, two approaches were utilized to reclassify 

the parameters: (1) qualitative and (2) semi-quantitative. This method was conducted to assess 

the effectiveness of both approaches, independent of each other, in terms of model performance 

and debris flow susceptibility. 

The heuristic qualitative approach was literature-guided. This involved perusing debris 

flow susceptibility literature for similar case studies and identifying their parameter class ratings. 

I aggregated the various values to assign subjective ratings (on a scale of 0 to 1.0) to each class 

of the parameters. These ratings corresponded to how much a parameter class factored into 

debris flow deposition and initiation. The classes per parameter, along with the respective class 

ratings and reclass values, are shown in Tables A.1 and A.2 (found in Appendix A), with Tables 

3.3 and 3.4 displaying abbreviated versions. Equation 3.6 was used to calculate the reclass values 

for each parameter class: 𝑅𝑒𝑐𝑙𝑎𝑠𝑠 = 𝑅𝑎𝑡𝑖𝑛𝑔 × 100         (3.6). 

Table 3.3 Abbreviated version of Table A.1 found in Appendix A. Logistic regression parameter 

reclassifications using the qualitative approach for debris flow deposits. References for the class 

ratings are notated by the numbered superscript and can be found below the table. 

Parameter Class Rating Reclass 

Slope Angle (°)1 

0 – 15 

15 – 30 

30 – 45 

45 – 60 

60 – 90 
 

1 

0.8 

0.4 

0.2 

0 
 

100 

80 

40 

20 

0 
 

References: 1 (Blais-Stevens & Behnia, 2016; de Haas et al., 2019; Elkadiri et al., 2014; Grelle et 

al., 2019; Prochaska et al., 2008; Stancanelli et al., 2015; Whipple, 1994) 
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Table 3.4 Abbreviated version of Table A.2 found in Appendix A. Logistic regression parameter 

reclassifications using the qualitative approach for debris flow sources. References for the class 

ratings are notated by the numbered superscript and can be found below the table. 

Parameter Class Rating Reclass 

Slope Angle (°)1 

0 – 15 

15 – 30 

30 – 45 

45 – 60 

60 – 90 
 

0.2 

0.8 

1 

0.6 

0 
 

20 

80 

100 

60 

0 
 

References: 1 (Blais-Stevens & Behnia, 2016; Cevasco et al., 2013; Conforti et al., 2014; 

D’Amato Avanzi et al., 2004; Deangeli et al., 2013; de Haas et al., 2019; Devkota et al., 2013; 

Elkadiri et al., 2014; Ercanoglu & Gokceoglu, 2004; Fernández et al., 1999; Grelle et al., 2019; 

Prochaska et al., 2008; Tiranti & Deangeli, 2015; Wu et al., 2019; Xu et al., 2012; Xu et al., 

2013) 

The semi-quantitative statistical approach consisted of assigning ratings (on a scale of 0 

to 1.0) to each parameter class using histograms which illustrate the distribution of parameter 

class values within the inventory areas for the deposits and sources. This method was semi-

quantitative because the inventories qualitatively indicated the presence or absence of debris 

flow deposits and sources within the study area. After this, the histograms were developed to 

assign ratings to the parameter classes. The classes per parameter, along with the respective class 

ratings and reclass values, are shown in Tables A.3 and A.4 (found in Appendix A), with Tables 

3.5 and 3.6 displaying abbreviated versions. 

Table 3.5 Abbreviated version of Table A.3 found in Appendix A. Logistic regression parameter 

reclassifications using the semi-quantitative approach for debris flow deposits. 

Parameter Class Rating Reclass 

Slope Angle (°) 

0 – 15 

15 – 30 

30 – 45 

45 – 60 

60 – 90 
 

1 

0.3 

0.06 

0.1 

0 
 

100 

30 

6 

10 

0 
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Table 3.6 Abbreviated version of Table A.4 found in Appendix A. Logistic regression parameter 

reclassifications using the semi-quantitative approach for debris flow sources. 

Parameter Class Rating Reclass 

Slope Angle (°) 

0 – 15 

15 – 30 

30 – 45 

45 – 60 

60 – 90 
 

0.76 

0.76 

1 

0.25 

0.007 
 

76 

76 

100 

25 

0 
 

 

The histograms, Figures A.1 and A.2 in Appendix A, were used to normalize the classes 

for each parameter relative to each other, according to Equation 3.7: 𝑅𝑎𝑡𝑖𝑛𝑔 = 𝐶𝑙𝑎𝑠𝑠 %𝐿𝑎𝑟𝑔𝑒𝑠𝑡 𝐶𝑙𝑎𝑠𝑠 %                 (3.7). 

According to the histograms, the number of cells within the deposit or source areas for each class 

was represented by the count. The total count varied between deposits and sources due to the 

differing sizes of the deposit and source areas. However, this had no effect on parameter 

normalization. The Class % was calculated according to Equation 3.8: 𝐶𝑙𝑎𝑠𝑠 % = 𝐶𝑙𝑎𝑠𝑠 𝐶𝑜𝑢𝑛𝑡𝑇𝑜𝑡𝑎𝑙 𝐶𝑜𝑢𝑛𝑡 × 100          (3.8). 

Using Equations 3.7 and 3.8, the classes are normalized for each parameter relative to each other; 

an example of this process for the curvature parameter of the sources is shown by Table 3.7. 

Table 3.7 Example of the normalization process for the curvature parameters of debris flow 

sources. 

Class Class Count Total Count Class % Largest Class % Rating 

Concave 34759 78136 44.49 44.49 1.0 

Flat 16883 78136 21.61 44.49 0.49 

Convex 26494 78136 33.91 44.49 0.76 

 

Maps of the reclassified layers per approach and inventory can be seen in Figures A.3 to 

A.6 in Appendix A). For both the qualitative and semi-quantitative approaches, the reclass field 

was necessary to compute to calculate the zonal statistics of each parameter within a specified 

area, which will be discussed in the next section. 
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3.2.2.2 Logit Procedure 

The logit procedure step consisted of four components: (1) model training, (2) input 

parameters, (3) zonal statistics, and (4) logistic regression modeling. Figure 3.8 depicts this 

procedure, which was performed for the deposits and sources according to the qualitative and 

semi-quantitative approaches. A debris flow deposit inventory and a trimmed down study area 

was used as an example to illustrate the process. 

Model training consisted of selecting inventory, creating a buffer around each inventory 

selection, constructing a mesh across the study area, and clipping the mesh to the selected- 

buffered inventory. Inventory was selected using a process called “judgment sampling” which 

occurs when units are selected for inclusion in a study based on the researcher's professional 

judgment (Daniel, 2012; Maul, 2018). This sampling process was done because the population of 

interest, or inventory, is very small in quantity. For this study, two deposits and sources were 

selected per study site, where the study sites are the towns of Secocha, Alto Molino, and San 

Juan de Chorunga. At each study site, one large and one small inventory unit were chosen for a 

grand total of six deposits and sources across the study area. Following this, a buffer was created 

surrounding each of the chosen deposits and sources. This buffer area incorporates both non-

deposit/source and deposit/source areas. For the deposits, the buffer size is equal to one-half the 

bisector length (BL) of the deposit polygons. The bisector length was manually measured for 

each deposit polygon. For the sources, the buffer size is equal to the width of the widest points 

(WW) of the source area polygons. The widest width was manually measured for each source 

area polygon. Figure 3.9 illustrates the buffer determination for the deposits and sources. The 

selected-buffered inventory was then rasterized according to the presence or absence of deposits 

and sources. A 5m x 5m mesh, or equally sized grid, was created across the study area, which 

was then clipped to the selected-buffered inventory to train the model. 
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Figure 3.8 Workflow of the logit procedure. The study area was modified for display purposes. 

This procedure was performed for both approaches (qualitative and semi-quantitative) and both 

inventory types (deposits and sources). 
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Figure 3.9 Illustration showing how buffer size was determined for: (a) deposits and (b) sources. 

The input parameters were reclassified according to the qualitative and semi-quantitative 

approaches explained previously (Tables A.1 – A.4 in Appendix A). The zonal statistics of each 

reclassified parameter were tabulated according to the selected-buffered-meshed inventory. This 

tool summarized the values of the input parameters and the rasterized-selected-buffered 

inventory within the zone of the selected-buffered-meshed inventory and reported the results to a 

table (ESRI, 2016b). The type of statistic tabulated was mean, which calculates the average of all 

cells in the value raster (input parameters and rasterized-buffered inventory) that belong to the 

same zone as the output cell (selected-buffered-meshed inventory). This process produced 

several separate tables, which were then joined together and exported for logistic regression 

modeling. 

The logistic regression modeling component consisted of importing the tabulated zonal 

statistics into Minitab® and running binary logit models, which output regression equations and 

summarized the models. All models were performed at 30% validation, which randomly selected 

the test data set, whereas 70% of the data was used in the training data set (Minitab, 2021). 

Models were first performed using all the input parameters to predict the presence of debris 

flows. The next models utilized a stepwise function to remove any parameters with a p-value 

greater than 0.05, which indicates that those parameters are not statistically significant. After 

that, Principal Component Analyses (PCAs) were used to identify a smaller number of 

uncorrelated variables, or principal components, from the larger data set. New variables 

(principal components) were created that are linear combinations of the input parameters. The 

goal of a PCA is to explain the maximum amount of variance, from the mean, with the fewest 

(a) (b) 
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number of principal components (Minitab, 2019c). Principal components can be used to avoid 

multicollinearity, which is when more than two variables are highly linearly related or reduce the 

number of predictors relative to the number of observations (Minitab, 2019c). For the purpose of 

this study, principal components were determined according to three potential thresholds: (1) the 

cumulative variance is greater than 80%, (2) the size of the eigenvalues were greater than 1.0, or 

(3) the steep curve before the first point that starts the line trend of the scree plot (Minitab, 

2019a). Figure 3.10 shows an example of PCA results from this study with the number of 

principal components indicated according to the threshold. 

 

Figure 3.10 Example of PCA results from this study with the number of principal components 

indicated according to the potential threshold: 1 = red box; 2 = blue box; 3 = green box. 

Subsequent models were run according to the PCAs. Each model output regression 

equations and model summaries. The equations were input into ArcMap to develop susceptibility 

maps. The model summaries provided information on how well the model fits the data. The 

Principal Component Analysis (PCA) 
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statistic used in this study to evaluate model performance was Area Under the ROC curve 

(AUC), which ranges in value from 0.5 to 1.0. If the model perfectly fits the data, then the value 

is 1.0, whereas a value of 0.5 indicates that the model randomly fits the model. This statistic was 

the determining factor for selection of the two best models per approach for both deposits and 

sources. 

3.2.3 Susceptibility Mapping 

 After the two best models per approach (qualitative and semi-quantitative) for the 

deposits and sources were selected, the regression equations were applied in ArcMap to create 

susceptibility maps. As previously explained, the regression equations were produced according 

to the mean of the reclassified parameters within the selected-buffered-meshed inventory. Those 

same reclassified parameters were multiplied by their respective coefficients for each model to 

create the susceptibility maps (see Equation 3.1). The probability of debris flow deposits or 

sources was then calculated according to Equation 3.2 for the entire study area. These values 

range from 0 to 1.0 (shown as percentages in the maps), where a value of 0 indicates a very low 

probability and a value of 1.0 is a very high probability. The susceptibility ranges were displayed 

using the Jenks classification scheme, which groups similar values together to maximize the 

differences between classes (ESRI, 2016a). This process was executed for all eight models (2 

models per approach for both deposits and sources) to produce the susceptibility maps seen in 

Figures 4.1 – 4.8 in Chapter 4. 

3.2.4 Accuracy Assessment 

 The final stage of Phase II included assessing model performance according to the 

Receiver Operating Characteristic (ROC) curve and validating susceptibility maps based on how 

well the maps compare with the inventories. 

The ROC curve plots the true positive rate versus the false positive rate. A true positive is 

an outcome where the model correctly predicts the positive class, whereas a false positive is a 

result where the model incorrectly predicts the positive class. Similarly, a true negative is an 

outcome where the model correctly predicts the negative class, whereas a false negative is a 

result where the model incorrectly predicts the negative class. For debris flow susceptibility 

studies, the positive class would be the presence of debris flows within an inventory, and the 
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negative class would be the absence of debris flows within an inventory. In this study, a true 

positive correctly identified the presence of high-to-very high debris flow deposit or source 

susceptibility within a cell of the inventory, whereas a false positive incorrectly detected the 

presence of high-to-very high susceptibility in the inventory. Similarly, a true negative correctly 

identified the absence of high-to-very high debris flow deposit or source susceptibility within a 

cell of the inventory, whereas a false negative incorrectly detected the absence of high-to-very 

high susceptibility in the inventory. In other words, a true negative correctly identified the 

presence of very low-to-low susceptibility and a false negative incorrectly detected the presence 

of very low-to-low susceptibility. 

The area under the ROC curve (AUC) indicates whether the binary model is a good 

classifier (Minitab, 2020). The AUC is a measure of discrimination, such that a model with a 

high AUC value suggests that the model is able to accurately predict the value of an 

observation’s response (Hosmer et al., 2013). The AUC values range from 0.5 to 1.0, where 

there is: no discrimination at 0.5; acceptable discrimination between 0.7 and 0.8; excellent 

discrimination between 0.8 and 0.9; and outstanding discrimination greater than 0.9 (Hosmer et 

al., 2013). For this study, an ROC curve was produced by Minitab® when each binary logistic 

regression model was run. Figures B.1 and B.2 in Appendix B display the ROC curves of the two 

best models per approach for the deposits and sources. 

The susceptibility maps were verified using histograms and the deposit and source 

inventories. This process was similar to that used for the semi-quantitative parameter 

reclassifications. According to the histograms, the number of cells within the deposit or source 

areas for each susceptibility class is represented by the count. The total count varied between 

deposits and sources due to the differing sizes of the deposit and source areas. Figure B.3 in 

Appendix B contain the susceptibility histograms within the deposits and sources according to 

approach and model. 
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CHAPTER 4 

RESULTS 

 Several logit models were run for both the deposits and sources, where the two best 

models per approach were selected to develop susceptibility maps. This chapter will present the 

pertinent results of the eight models and subsequent susceptibility maps based on the logit 

equations produced from those models. 

4.1 Deposits 

 The qualitative and semi-quantitative approaches were used to develop models, where 

deposit susceptibility maps were created based on the logit equations from the two best models 

per approach. Figures 4.1 – 4.4 show the susceptibility maps for deposits according to both 

approaches. Model results included logit equations (Table 4.1), ROC curves (Figure B.1 in 

Appendix B), and AUC values (represented as percentages in Table 4.2). 

 The first two models and maps were obtained according to the qualitative approach. 

Model #1 contained all input parameters and had an AUC value of 0.7730 (77.30%). Model #2 

was produced using a stepwise function, where slope curvature and roughness were removed 

from the model as they were deemed statistically insignificant. This model had an AUC value of 

0.7709 (77.09%). The susceptibility map for Model #1 is shown in Figure 4.1, whereas Figure 

4.2 contains the susceptibility map for Model #2. 

The next two models and maps were obtained according to the semi-quantitative 

approach. Model #3 contained all input parameters and had an AUC value of 0.7648 (76.48%). 

Model #4 was produced based on the first threshold of a PCA, where the cumulative variance 

exceeded 80%. According to this threshold, drainage was excluded from the model, which had 

an AUC value of 0.7642 (76.42%). The susceptibility map for Model #3 is shown in Figure 4.3, 

whereas Figure 4.4 contains the susceptibility map for Model #4. 
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Table 4.1 Regression equations of qualitative and semi-quantitative approach models for 

deposits. 

Model Logistic Regression Equations 

1 

𝑌′ = −4.6014 + 0.042841 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑛𝑔𝑙𝑒 + 0.007023 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑠𝑝𝑒𝑐𝑡 + 0.000008∗ 𝑆𝑙𝑜𝑝𝑒 𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 − 0.013346 ∗ 𝑀𝑛 − 0.00252 ∗ 𝑅𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 + 0.001965∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 − 0.000873 ∗ 𝐺𝑒𝑜𝑙𝑜𝑔𝑦 

2 
𝑌′ = −4.6118 + 0.042811 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑛𝑔𝑙𝑒 + 0.006997 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑠𝑝𝑒𝑐𝑡 − 0.013411 ∗ 𝑀𝑛+ 0.001962 ∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 − 0.000881 ∗ 𝐺𝑒𝑜𝑙𝑜𝑔𝑦 

3 

𝑌′ = −3.7865 + 0.027714 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑛𝑔𝑙𝑒 + 0.007203 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑠𝑝𝑒𝑐𝑡 + 0.008308∗ 𝑆𝑙𝑜𝑝𝑒 𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 − 0.010538 ∗ 𝑀𝑛 + 0.000601 ∗ 𝑅𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 − 0.000594∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 − 0.004684 ∗ 𝐺𝑒𝑜𝑙𝑜𝑔𝑦 

4 

𝑌′ = −3.8078 + 0.027478 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑛𝑔𝑙𝑒 + 0.007207 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑠𝑝𝑒𝑐𝑡 + 0.008328∗ 𝑆𝑙𝑜𝑝𝑒 𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 − 0.010496 ∗ 𝑀𝑛 + 0.000577 ∗ 𝑅𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 − 0.004673∗ 𝐺𝑒𝑜𝑙𝑜𝑔𝑦 

 

Table 4.2 AUC values for the deposit qualitative and semi-quantitative approach models. 

Approach Model AUC (%) 

Qualitative 
1 77.30 

2 77.09 

Semi-Quantitative 
3 76.48 

4 76.42 
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Figure 4.1 Susceptibility map of Model #1 (qualitative approach model for deposits).
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Figure 4.2 Susceptibility map of Model #2 (qualitative approach model for deposits).
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Figure 4.3 Susceptibility map of Model #3 (semi-quantitative approach model for deposits). 
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Figure 4.4 Susceptibility map of Model #4 (semi-quantitative approach model for deposits). 
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4.2 Sources 

 The qualitative and semi-quantitative approaches were used to develop models, where 

source area susceptibility maps were created based on the logit equations from the two best 

models per approach. Figures 4.5 – 4.8 show the susceptibility maps for sources according to 

both approaches. Model results included logit equations (Table 4.3), ROC curves (Figure B.2 in 

Appendix B), and AUC values (represented as percentages in Table 4.4). 

The first two models and maps were obtained according to the qualitative approach. 

Model #5 contained all input parameters and had an AUC value of 0.6879 (68.79%). Model #6 

was produced using a stepwise function, where slope curvature was removed from the model as 

it was deemed statistically insignificant. This model had an AUC value of 0.6877 (68.77%). The 

susceptibility map for Model #5 is shown in Figure 4.5, whereas Figure 4.6 contains the 

susceptibility map for Model #6. 

The next two models and maps were obtained according to the semi-quantitative 

approach. Model #7 contained all input parameters and had an AUC value of 0.6662 (66.62%). 

Model #8 was produced based on the third threshold of a PCA, where the steep curve of the 

scree plot indicates which components to use for the model. According to this threshold, slope 

and curvature were excluded from the model, which had an AUC value of 0.6632 (66.32%). The 

susceptibility map for Model #7 is shown in Figure 4.7, whereas Figure 4.8 contains the 

susceptibility map for Model #8. 
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Table 4.3 Regression equations of qualitative and semi-quantitative approach models for sources. 

Model Logistic Regression Equations 

5 

𝑌′ = −1.0436 − 0.005834 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑛𝑔𝑙𝑒 − 0.002426 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑠𝑝𝑒𝑐𝑡 + 0.000384∗ 𝑆𝑙𝑜𝑝𝑒 𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 − 0.002426 ∗ 𝑀𝑛 − 0.016542 ∗ 𝑅𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 + 0.014828∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 − 0.012846 ∗ 𝐺𝑒𝑜𝑙𝑜𝑔𝑦 

6 
𝑌′ = −1.0252 − 0.005840 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑛𝑔𝑙𝑒 − 0.002423 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑠𝑝𝑒𝑐𝑡 − 0.002422 ∗ 𝑀𝑛− 0.016518 ∗ 𝑅𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 + 0.014842 ∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 − 0.012845 ∗ 𝐺𝑒𝑜𝑙𝑜𝑔𝑦 

7 

𝑌′ = 0.8362 − 0.004443 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑛𝑔𝑙𝑒 + 0.003349 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑠𝑝𝑒𝑐𝑡 − 0.001423∗ 𝑆𝑙𝑜𝑝𝑒 𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 − 0.017450 ∗ 𝑀𝑛 − 0.007168 ∗ 𝑅𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 + 0.007054∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 − 0.009781 ∗ 𝐺𝑒𝑜𝑙𝑜𝑔𝑦 

8 
𝑌′ = 0.4010 + 0.003137 ∗ 𝑆𝑙𝑜𝑝𝑒 𝐴𝑠𝑝𝑒𝑐𝑡 − 0.017549 ∗ 𝑀𝑛 − 0.007357 ∗ 𝑅𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 + 0.007169∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 − 0.010023 ∗ 𝐺𝑒𝑜𝑙𝑜𝑔𝑦 

 

Table 4.4 AUC values for the source qualitative and semi-quantitative approach models. 

Approach Model AUC (%) 

Qualitative 
5 68.79 

6 68.77 

Semi-Quantitative 
7 66.62 

8 66.32 
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Figure 4.5 Susceptibility map of Model #5 (qualitative approach model for sources).
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Figure 4.6 Susceptibility map of Model #6 (qualitative approach model for sources). 
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Figure 4.7 Susceptibility map of Model #7 (semi-quantitative approach model for sources). 
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Figure 4.8 Susceptibility map of Model #8 (semi-quantitative approach model for sources).
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CHAPTER 5 

DISCUSSION AND CONCLUSIONS 

 This chapter discusses details about the susceptibility maps, assesses model performance 

according to ROC curves, validates susceptibility map based on how well the maps compare 

with the inventories, and examines study limitations. Conclusions about the study are also made, 

along with potential future work. 

5.1 Discussion 

 According to their respective models, the susceptibility maps (Figures 4.1 – 4.8) 

visualized the probability of debris flow deposits and sources within the study area. The 

susceptibility maps of the qualitative approach for deposits (Figures 4.1 and 4.2) contained too 

much moderate susceptibility within the valley floor, as debris flow deposition is impossible in 

most of this area. These areas were false positives identified by the models, as were the areas of 

high susceptibility along the river towards the northeast. The lack of high-to-very high 

susceptibility within the deposits indicated that false negatives were produced by the models for 

some of this area. The total susceptibility for these maps was low (64%). However, the maps did 

well with showing that there is at least a moderate susceptibility of debris deposition within the 

source channels upslope of the deposits themselves. This is logical since not all of the material 

entrained in the debris flow will reach the deposition area and will remain in the source areas for 

future potential debris flow events. 

The susceptibility maps of the semi-quantitative approach for deposits (Figures 4.3 and 

4.4) had an abundance of low susceptibility within the deposits, although it makes sense that a 

single event will not cover the entire area in the deposited material, however, this was considered 

as false negatives. As was the case for the qualitative approach, the total susceptibility for these 

maps was low (62 – 63%). Unlike the maps for the qualitative approach, these maps had much 

lower susceptibility within the valley floor (true negatives). The maps did well with showing that 

there is at least a moderate susceptibility of debris deposition within the source channels upslope 

of the deposits themselves, but with less frequency compared to the qualitative approach maps. 

The susceptibility maps of the qualitative approach for sources (Figures 4.5 and 4.6) had 

the lowest total susceptibility (56%) of all the maps and models. However, these maps matched 
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the sources very well as there is a large amount of high-to-very high susceptibility in these areas 

(true positives), along with much moderate susceptibility. The susceptibility also followed the 

drainage well since most sources are located in close proximity to the drainage lines (true 

positives). The susceptibility maps of the semi-quantitative approach for sources (Figures 4.7 and 

4.8) did not match with the sources or follow the drainage too well (false negatives), unlike the 

maps for the qualitative approach. However, these maps had a total susceptibility that is the 

highest of all the maps and models (81 – 84%). 

In literature, an AUC value of at least 0.7 (70%) is considered acceptable discrimination, 

whereas a value closer to 0.5 (50%) shows no discrimination and is not ideal for this type of 

study. All of the results had AUC values greater than 50%, where the deposit models had larger 

values than the source models. For the deposits, the qualitative approach produced models with 

slightly higher AUC values (greater than 77%) than the semi-quantitative approach (greater than 

76%). For both approaches, the models containing all input parameters performed best. The 

qualitative approach of the sources produced AUC values greater than 68%, whereas the semi-

quantitative approach models had AUC values greater than 66%. As was the case for the 

deposits, the model containing all input parameters performed best. 

 In an ideal scenario, the inventories would contain more high-to-very high susceptibilities 

(true positives) than very low-to-low susceptibilities (true negatives). As can be seen in the 

susceptibility maps (Figures 4.1 – 4.8), this was not an ideal scenario. However, the 

susceptibility maps were still validated based on how well they compared with the inventories. 

Figure B.3 in Appendix B illustrate susceptibility histograms within the deposits and sources for 

various approaches and models. Table 5.1 displays the susceptibility ranges for future debris 

flow deposits and sources according to Figure B.3. 
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Table 5.1 Susceptibility ranges for future debris flow deposits and sources. 

Map # Very Low – Low (%) Moderate (%) High – Very High (%) 

1 27.80 50.93 21.28 

2 27.87 51.38 20.74 

3 55.42 22.85 21.74 

4 59.00 19.91 21.10 

5 17.01 33.51 49.48 

6 17.45 36.44 46.11 

7 69.46 20.46 10.09 

8 71.50 21.03 7.47 

 

The semi-quantitative approach produced larger, very low-to-low susceptibility ranges 

for both the deposits and sources than those from the qualitative approach. The percentage of 

high-to-very high susceptibility for the deposits remained roughly the same for both approaches, 

indicating that there was a relative consistency across both approaches. The same could not be 

said for the sources, as this susceptibility range decreased by at least 35% from the qualitative 

approach to the semi-quantitative approach. In contrast, the percentage of very low-to-low 

susceptibility for the sources increased by about 50% between the qualitative and semi-

quantitative approaches. These observations indicated the lack of consistency across both 

approaches for the sources. The semi-quantitative approach performed best for the deposits, 

while the qualitative approach did better for the sources. If similar debris flow susceptibility 

studies cannot be found and if there is a large inventory quantity, then the semi-quantitative 

approach should be used. The qualitative approach should be used for debris flow susceptibility 

studies if there is a small inventory quantity and if there is adequate information (high resolution 

data or an abundant collection of studies). 

5.1.1 Limitations 

 Limitations of this study included elements associated with the data sources for input 

parameters, debris flow inventory, and inventory selection. The geologic map was obtained at a 

scale of 1:100,000, which was a smaller scale than that of the study area and is intended to be 

used in a regional setting as opposed to a large-scale study. This prevented the geologic data 



46 

 

from being as precise as the topographic or hydrogeologic parameters. Meanwhile, a 30m x 30m 

DEM was used to derive the hydrogeologic parameters, which was also a lower resolution than 

the topographic parameters derived from a 5m x 5m DTM. As was the case for the geologic data, 

the hydrogeologic parameters were not as precise as the topographic parameters. All input 

parameters were analyzed at a 5m cell size for the logit models and susceptibility maps, which 

was a larger scale than the source data for the hydrogeologic and geologic parameters. 

The inventory, for both the deposits and sources, affected several aspects of this study. 

Model training, the semi-quantitative approach for parameter reclassifications, and susceptibility 

map validation were hindered by the limited inventory quantity compared to the size of the study 

area. The reclassifications could potentially improve in accurately quantifying the parameters 

within the inventories with more and larger deposits and sources. More inventories could: (1) 

increase the number of selected deposits and sources for model training and (2) improve 

susceptibility map validation by increasing accuracy in terms of more moderate-to-very high 

susceptibility in the deposits and sources. 

The limited number of selected inventories led to average: (1) models where the AUC 

values are acceptable for the deposits, but not acceptable for the sources; and (2) susceptibility 

maps where there as many very low-to-low susceptibilities within the inventories as there are 

high-to-very high susceptibilities. This, along with the model sensitivity towards some 

parameters such as slope and proximity to drainage, led to a considerable number of false 

positives and false negatives for each map. More inventories should have been selected (at least 

30%) to train the models. Although the inventory was not perfect, the models were able to catch 

some debris flow deposits and sources that were not mapped (see the high-to-very high southern 

deposits and sources, that feed those deposits, from Figures 4.1 – 4.8). 

5.2 Conclusions 

 The purpose of this study was to develop protocols for debris flow hazard 

characterization for the Ocoña River Valley in the Arequipa region of Peru. Previous studies 

investigating debris flow hazards within or near the study area could not be found. This study 

qualitatively and semi-quantitatively analyzed the relationship between debris flow causative 

factors and the occurrence of debris flows. Logistic regression was used to identify areas 

susceptible to debris flows based on a combination of input parameters. The models produced 
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logit equations which were then input into ArcMap to create susceptibility maps of debris flow 

deposits and sources. The results of the study revealed that the semi-quantitative approach 

models performed best for the deposits, whereas the qualitative approach models did so for the 

sources. This was the case for both the discussion of the susceptibility maps and when comparing 

them to the inventories. According to the ROC curves, the qualitative approach produced models 

that outperformed the semi-quantitative approach for both deposits and sources. This work 

should result in improved safety for mining workers in the vicinity and nearby and downstream 

residents by identifying potential locations of future debris flows. 

5.2.2 Future Work 

 This study can be improved and/or expanded upon in several ways with higher quality 

data and increased research into debris flow mechanisms for similar case studies. As stated in 

Chapter 1, this study was part of a more extensive research study, which consisted of mapping 

several geohazards across multiple study sites. That research investigated the hazard level and 

susceptibility of landslides, debris flows, rockfall, hillslope erosion, flooding, liquefaction, and 

collapsible soils throughout the Arequipa region. The methods presented in this study can be 

applied to those other study sites in the Arequipa region since the climate and geology are 

consistent throughout. They can also be applied to other case studies around the world with 

similar characteristics to this study. 

 Higher quality data would be beneficial for improving this study. Surficial geologic maps 

or, at the very least, large-scale geologic maps for each study site (Secocha, Alto Molino, and 

San Juan de Chorunga) would provide more precise data for the geology input parameter. Higher 

resolution DEMs would improve hydrogeologic parameter data as it would be more accurate to 

actual conditions. More research and increased inventory quantity would enhance parameter 

reclassification, model training, and susceptibility map accuracy. 
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APPENDIX A 

SUPPLEMENTAL METHODS DATA 

Table A.1 Logistic regression parameter reclassifications using the qualitative approach for 

debris flow deposits. References for the class ratings are notated by the numbered superscript 

and can be found below the table. 

Parameter Class Rating Reclass 

Slope Angle (°)1 

0 – 15 1 100 

15 – 30 0.8 80 

30 – 45 0.4 40 

45 – 60 0.2 20 

60 – 90 0 0 

Slope Aspect (°)2 

-1 (Flat) 0.5 50 

0 – 22.5 (N) 1 100 

22.5 – 67.5 (NE) 0.5 50 

67.5 – 112.5 (E) 0 0 

112.5 – 157.5 (SE) 0.5 50 

157.5 – 202.5 (S) 0.75 75 

202.5 – 247.5 (SW) 0.5 50 

247.5 – 292.5 (W) 0 0 

292.5 – 337.5 (NW) 0.5 50 

337.5 – 360 (N) 1 100 

Slope Curvature (1/100 m)3 

≤ -0.2 1 100 

-0.2 – 0.2 0.5 50 

≥ 0.2 0 0 

Melton’s Number4 

< 0.3 0.5 50 

0.3 – 1.5 1 100 

> 1.5 0 0 

Roughness5 

< 0.66 1 100 

0.66 – 1.88 0.8 80 

1.88 – 3.43 0.6 60 

3.43 – 6.08 0.4 40 

> 6.08 0 0 

Proximity to Drainage (m)6 

< 50 1 100 

50 – 100 0.8 80 

100 – 150 0.6 60 

150 – 200 0.4 40 

200 – 250 0.2 20 

> 250 0 0 

Geologic Unit7 

Moquegua Formation 0.4 40 

Andesite 0 0 

Coastal Batholith 0.2 20 

Andagua Group 0 0 
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Table A.1 Continued 

Geologic Unit7 

Coastal Basal Complex 0.2 20 

Sotillo Formation 0.4 40 

Seneca Formation 0 0 

Labra Formation 0.4 40 

Alluvial Deposits 1 100 
References: 1 (Blais-Stevens & Behnia, 2016; de Haas et al., 2019; Elkadiri et al., 2014; Grelle et al., 2019; Prochaska et al., 2008; Stancanelli et al., 2015; Whipple, 1994); 2 (Blais-Stevens & 

Behnia, 2016; Wu et al., 2018); 3 (Blais-Stevens & Behnia, 2016; Grelle et al., 2019; Scott & Yuyi, 2004); 4 (Bovis & Jakob, 1999; Godt & Savage, 2003; Grelle et al., 2019; Jackson et al., 1987; 

Whipple, 1994); 5 (Kabite & Gessesse, 2018; Strahler, 1957; Wu et al., 2018); 6 (Blais-Stevens & Behnia, 2016; Whipple, 1994); 7 (Deangeli et al., 2013; Tiranti & Deangeli, 2015; Whipple, 

1994). 

Table A.2 Logistic regression parameter reclassifications using the qualitative approach for 

debris flow sources. References for the class ratings are notated by the numbered superscript and 

can be found below the table. 

Parameter Class Rating Reclass 

Slope Angle (°)1 

0 – 15 0.2 20 

15 – 30 0.8 80 

30 – 45 1 100 

45 – 60 0.6 60 

60 – 90 0 0 

Slope Aspect (°)2 

-1 (Flat) 0.5 50 

0 – 22.5 (N) 1 100 

22.5 – 67.5 (NE) 0.5 50 

67.5 – 112.5 (E) 0 0 

112.5 – 157.5 (SE) 0.5 50 

157.5 – 202.5 (S) 0.75 75 

202.5 – 247.5 (SW) 0.5 50 

247.5 – 292.5 (W) 0 0 

292.5 – 337.5 (NW) 0.5 50 

337.5 – 360 (N) 1 100 

Slope Curvature (1/100 m)3 

≤ -0.2 1 100 

-0.2 – 0.2 0.5 50 

≥ 0.2 0 0 

Melton’s Number4 

< 0.3 0.5 50 

0.3 – 1.5 1 100 

> 1.5 0 0 

Roughness5 

< 0.66 0 0 

0.66 – 1.88 0.25 25 

1.88 – 3.43 0.5 50 

3.43 – 6.08 0.75 75 

> 6.08 1 100 

Proximity to Drainage (m)6 

< 50 1 100 

50 – 100 0.8 80 

100 – 150 0.6 60 

150 – 200 0.4 40 

200 – 250 0.2 20 
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Table A.2 Continued 

Proximity to Drainage (m)6 > 250 0 0 

Geologic Unit7 

Moquegua Formation 1 100 

Andesite 0.4 40 

Coastal Batholith 0.6 60 

Andagua Group 0.4 40 

Coastal Basal Complex 0.8 80 

Sotillo Formation 1 100 

Seneca Formation 0.2 20 

Labra Formation 1 100 

Alluvial Deposits 0 0 
References: 1 (Blais-Stevens & Behnia, 2016; Cevasco et al., 2013; Conforti et al., 2014; D’Amato Avanzi et al., 2004; Deangeli et al., 2013; de Haas et al., 2019; Devkota et al., 2013; Elkadiri et 

al., 2014; Ercanoglu & Gokceoglu, 2004; Fernández et al., 1999; Grelle et al., 2019; Prochaska et al., 2008; Tiranti & Deangeli, 2015; Wu et al., 2018; Xu et al., 2012; Xu et al., 2013); 2 (Blais-

Stevens & Behnia, 2016; Conforti et al., 2014; Devkota et al., 2013; Elkadiri et al., 2014; Ercanoglu & Gokceoglu, 2004; Fernández et al., 1999; Wu et al., 2018; Xu et al., 2012; Xu et al., 2013); 
3 (Blais-Stevens & Behnia, 2016; Conforti et al., 2014; D’Amato Avanzi et al., 2004; Devkota et al., 2013; Ercanoglu & Gokceoglu, 2004; Fernández et al., 1999; Xu et al., 2012); 4 (Bovis & 

Jakob, 1999; Godt & Savage, 2003; Jackson et al., 1987; Marchi & Dalla Fontana, 2005; Marchi et al., 1993); 5 Elkadiri et al., 2014; Kabite & Gessesse, 2018; Strahler, 1957; Wu et al., 2018); 6 

Blais-Stevens & Behnia, 2016; Conforti et al., 2014; Devkota et al., 2013; Elkadiri et al., 2014; Ercanoglu & Gokceoglu, 2004; Fernández et al., 1999; Xu et al., 2012); 7 Cevasco et al., 2013; 

Conforti et al., 2014; D’Amato Avanzi et al., 2004; Deangeli et al., 2013; de Haas et al., 2019; Devkota et al., 2013; Ercanoglu & Gokceoglu, 2004; Fernández et al., 1999; Qing et al., 2020; 

Tiranti & Deangeli, 2015; Wu et al., 2018; Xu et al., 2012). 

Table A.3 Logistic regression parameter reclassifications using the semi-quantitative approach 

for debris flow deposits. 

Parameter Class Rating Reclass 

Slope Angle (°)1 

0 – 15 1 100 

15 – 30 0.3 30 

30 – 45 0.06 6 

45 – 60 0.01 1 

60 – 90 0 0 

Slope Aspect (°)2 

-1 (Flat) 0.57 57 

0 – 22.5 (N) 0.47 47 

22.5 – 67.5 (NE) 0.42 42 

67.5 – 112.5 (E) 0.58 58 

112.5 – 157.5 (SE) 0.99 99 

157.5 – 202.5 (S) 0.66 66 

202.5 – 247.5 (SW) 0.48 48 

247.5 – 292.5 (W) 0.74 74 

292.5 – 337.5 (NW) 1 100 

337.5 – 360 (N) 0.47 47 

Slope Curvature (1/100 m)3 

≤ -0.2 1 100 

-0.2 – 0.2 0.75 75 

≥ 0.2 0.96 96 

Melton’s Number4 

< 0.3 0.24 24 

0.3 – 1.5 1 100 

> 1.5 0.01 1 

Roughness5 

< 0.66 1 100 

0.66 – 1.88 0.78 78 

1.88 – 3.43 0.13 13 

3.43 – 6.08 0.07 7 
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Table A.3 Continued 

Roughness6 > 6.08 0.02 2 

Proximity to Drainage (m)6 

< 50 1 100 

50 – 100 0.59 59 

100 – 150 0.27 27 

150 – 200 0.13 13 

200 – 250 0.03 3 

> 250 0.01 1 

Geologic Unit7 

Moquegua Formation 0 0 

Andesite 0.09 9 

Coastal Batholith 0.16 16 

Andagua Group 0 0 

Coastal Basal Complex 0.18 18 

Sotillo Formation 0 0 

Seneca Formation 0 0 

Labra Formation 0.04 4 

Alluvial Deposits 1 100 

  

Table A.4 Logistic regression parameter reclassifications using the semi-quantitative approach 

for debris flow sources. 

Parameter Class Rating Reclass 

Slope Angle (°)1 

0 – 15 0.76 76 

15 – 30 0.76 76 

30 – 45 1 100 

45 – 60 0.25 25 

60 – 90 0.007 0 

Slope Aspect (°)2 

-1 (Flat) 0.31 31 

0 – 22.5 (N) 0.64 64 

22.5 – 67.5 (NE) 0.27 27 

67.5 – 112.5 (E) 0.4 40 

112.5 – 157.5 (SE) 0.57 57 

157.5 – 202.5 (S) 0.94 94 

202.5 – 247.5 (SW) 0.97 97 

247.5 – 292.5 (W) 0.85 85 

292.5 – 337.5 (NW) 1 100 

337.5 – 360 (N) 0.64 64 

Slope Curvature (1/100 m)3 

≤ -0.2 1 100 

-0.2 – 0.2 0.49 49 

≥ 0.2 0.76 76 

Melton’s Number4 

< 0.3 0.3 30 

0.3 – 1.5 1 100 

> 1.5 0 0 

Roughness5 < 0.66 1 100 
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Table A.4 Continued 

Roughness50.07 

0.66 – 1.88 0.5 5 

1.88 – 3.43 0.07 7 

3.43 – 6.08 0.03 3 

> 6.08 0.0006 0 

Proximity to Drainage (m)6 

< 50 1 100 

50 – 100 0.15 15 

100 – 150 0.04 4 

150 – 200 0.03 3 

200 – 250 0.03 3 

> 250 0.09 9 

Geologic Unit7 

Moquegua Formation 0.03 3 

Andesite 0.29 29 

Coastal Batholith 1 100 

Andagua Group 0 0 

Coastal Basal Complex 0.27 27 

Sotillo Formation 0 0 

Seneca Formation 0 0 

Labra Formation 0.11 11 

Alluvial Deposits 0.26 26 
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Figure A.1 Histograms illustrating the distribution of parameter class values within the deposits. 

The semi-quantitative reclassifications were based on these histograms. 

(a) (b) 

(c) (d) 

(e) (f) 

(g) Parameter Histograms for Deposits 

a) Slope Angle 

b) Slope Aspect 

c) Slope Curvature 

d) Melton’s Number 

e) Roughness 

f) Proximity to Drainage 

g) Geology 
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Figure A.2 Histograms illustrating the distribution of parameter class values within the sources. 

The semi-quantitative reclassifications were based on these histograms. 

(a) (b) 

(c) (d) 

(e) (f) 

Parameter Histograms for Sources 

a) Slope Angle 

b) Slope Aspect 

c) Slope Curvature 

d) Melton’s Number 

e) Roughness 

f) Proximity to Drainage 

g) Geology 

(g) 
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Figure A.3 Reclassified parameters using the qualitative approach for deposits. 

Qualitatively Reclassified Deposit 

Parameters 

a) Slope Angle 

b) Slope Aspect 

c) Slope Curvature 

d) Melton’s Number 

e) Roughness 

f) Proximity to Drainage 

g) Geology 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 
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Figure A.4 Reclassified parameters using the qualitative approach for sources. 

Qualitatively Reclassified Source 

Parameters 

a) Slope Angle 

b) Slope Aspect 

c) Slope Curvature 

d) Melton’s Number 

e) Roughness 

f) Proximity to Drainage 

g) Geology 

(a) (b) 

(c) (d) 

(e) 

(g) 

(f) 
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Figure A.5 Reclassified parameters using the semi-quantitative approach for deposits. 

Semi-Quantitatively Reclassified 

Deposit Parameters 

a) Slope Angle 

b) Slope Aspect 

c) Slope Curvature 

d) Melton’s Number 

e) Roughness 

f) Proximity to Drainage 

g) Geology 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 
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Figure A.6 Reclassified parameters using the semi-quantitative approach for sources. 

Semi-Quantitatively Reclassified 

Source Parameters 

a) Slope Angle 

b) Slope Aspect 

c) Slope Curvature 

d) Melton’s Number 

e) Roughness 

f) Proximity to Drainage 

g) Geology 

(a) (b) 

(c) (d) 

(e) 

(g) 

(f) 
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APPENDIX B 

SUPPLEMENTAL RESULTS 

 

Figure B.1 ROC curves of qualitative (a, b) and semi-quantitative (c, d) approach models for 

deposits. 

(a) (b) 

(c) (d) 
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Figure B.2 ROC curves of qualitative (a, b) and semi-quantitative (c, d) approach models for 

sources. 

(a) (b) 

(c) (d) 
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Figure B.3 Histograms of susceptibility classes within deposits and sources according to 

approach and map. 
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APPENDIX C 

SUPPLEMENTAL ELECTRONIC FILES 

 The supplemental files include additional data that were used to create the various figures 

and tables in this thesis. The raw data were the sources for all subsequent data. The transitional 

data were created from the raw data. The final data were the results of the transitional data. 

Table C.1 Supplemental electronic files of raw data. 

File Name File Description 

Raw Data 

Files containing the source data that were created for all 

subsequent data. Data include Google Earth files, elevation 

in raster formats, and geology as polygons. 

Secocha_DF.kmz 

Alto_Molino_DF.kmz 

San_Juan_DF.kmz 

Study_Sites_Mining_Areas.kmz 

Google Earth files of debris flows for each study site 

(Secocha, Alto Molino, and San Juan de Chorunga). There is 

also a file for the study sites and mining areas within the 

study area. 

DTM_proj 
File geodatabase raster dataset of the 5m x 5m Digital 

Terrain Model obtained from Digital Globe (Figure 3.3a). 

ORV_ASTER_30m_DEM 

File geodatabase raster dataset of the 30m x 30m ASTER 

Digital Elevation Model obtained from USGS Earth 

Explorer (ORV_ASTER_30mDEM was used for Figure 

3.3b). 

ORV_Regional_Geology 

File geodatabase feature class of georeferenced geologic 

maps that contain the study area (partially seen in Figure 

3.3c). 

 

Table C.2 Supplemental electronic files of transitional data. 

File Name File Description 

Transitional Data 

Files containing the intermediate data that were created 

from the raw data for logistic regression parameterization 

purposes. 

ORV_SA_Geology 
File geodatabase feature class of the geologic units found 

within the study area (Figure 3.3c). 

ORV_Slopes 

File geodatabase feature class of the study area slope walls 

that was used as the clip feature for the source areas 

logistic parameterization. 

Inventory 
Data of the debris flow deposits and sources within the 

study area. 

DF_Proj 

DF_Deposits 

DF_Sources 

File geodatabase feature class of debris flow inventory 

(Figure 3.2). Separate file geodatabase feature classes for 

the deposits and sources. 
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Table C.2 Continued  

Hydrological Analysis 

Data used to perform hydrological analysis of the 

watersheds within which the study area falls (see flowchart 

in Figure 3.6). 

ORV_ASTER_Fill 
File geodatabase raster dataset of the sink-filled 30m x 30m 

ASTER DEM. 

ORV_ASTER_Flow_Dir 
File geodatabase raster dataset of the flow direction for 

each cell of the 30m x 30m ASTER DEM. 

ORV_Flow_Accu_150 

File geodatabase raster dataset of the accumulated flow for 

each cell of the 30m x 30m ASTER DEM. The threshold 

for flow accumulation was set at 150 cells. 

Ocona_Flownet 
File geodatabase feature class of the streams within the 

study area with a flow accumulation threshold of 150 cells. 

ORV_Study_Area_SPP 

File geodatabase raster dataset of the pour points for the 

30m x 30m ASTER DEM watersheds within the study 

area. 

Ocona_Watersheds 
File geodatabase feature class of the watersheds that make 

up the study area. 

Ocona_Watersheds_Rast 
File geodatabase raster dataset of the watersheds that make 

up the study area. 

Parameters 

Parameterized data (topographic, hydrogeologic, geologic) 

created from the source data (DTM, DEM, Geology) and 

used as the basis for logistic regression modeling. 

Topography 
Topographic parameters (slope, aspect, and curvature) 

created using the Surface toolset in ArcGIS. 

ORV_Slope 

ORV_Slope_Extract 

File geodatabase raster datasets of the slope parameter for 

deposits (Figure 3.5a) and sources (extracted to the valley 

slopes). 

ORV_Aspect 

ORV_Aspect_Extract 

File geodatabase raster datasets of the aspect parameter for 

deposits (Figure 3.5b) and sources (extracted to the valley 

slopes). 

ORV_Curv 

ORV_Curvature_Extract 

File geodatabase raster datasets of the curvature parameter 

for deposits (Figure 3.5c) and sources (extracted to the 

valley slopes). 

Hydrogeology 

Hydrogeologic parameters (Melton’s number, basin 

roughness, and proximity to drainage) created using the 

Hydrology toolset in ArcGIS. 

Ocona_Mn_Rast 

ORV_Mn_Extract 

File geodatabase raster datasets of the Melton’s number 

parameter for deposits (Figure 3.7a) and sources (extracted 

to the valley slopes). 

Ocona_Rn_Rast 

ORV_Roughness_Extract 

File geodatabase raster datasets of the basin roughness 

parameter for deposits (Figure 3.7b) and sources (extracted 

to the valley slopes). 
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Table C.2 Continued  

ORV_Drainage_Extract 

ORV_Prox_Drainage_Extract 

File geodatabase raster datasets of the proximity to 

drainage parameter for deposits (Figure 3.7c) and sources 

(extracted to the valley slopes). 

Geology Geologic units parameter. 

ORV_SA_Geology_Rast 

ORV_Geology_Extract 

File geodatabase raster datasets of the geologic unit 

parameter for deposits (Figure 3.3c) and sources (extracted 

to the valley slopes). 

Parameter Reclassifications 

Reclassified parameters according to approach 

(1) Qualitative: Tables A.1 (deposits) and A.2 

(sources). 

(2) Semi-quantitative: Tables A.3 (deposits) and A.4 

(sources). 

Data with “_Stats” are tables for each parameter according 

to approach for deposits and sources. 

Topography 

Reclassified topographic parameters. First number is the 

data for the qualitative approach. Second number is for the 

semi-quantitative approach. 

ORV_Deposits_Slope2_new/3 

ORV_Sources_Slope3/4 

File geodatabase raster datasets of the qualitatively and 

semi-quantitatively reclassified slope parameter for 

deposits (Figure A.3a/A.5a) and sources (A.4a/A.6a). 

ORV_Deposits_Aspect2/3 

ORV_Sources_Aspect3/4 

File geodatabase raster datasets of the qualitatively and 

semi-quantitatively reclassified aspect parameter for 

deposits (Figure A.3b/A.5b) and sources (A.4b/A.6b). 

ORV_Deposits_Curvature2/3 

ORV_Sources_Curvature3/4 

File geodatabase raster datasets of the qualitatively and 

semi-quantitatively reclassified curvature parameter for 

deposits (Figure A.3c/A.5c) and sources (A.4c/A.6c). 

Hydrogeology 

Reclassified hydrogeologic parameters. First number is the 

data for the qualitative approach. Second number is for the 

semi-quantitative approach. 

ORV_Deposits_Mn2/3 

ORV_Sources_Mn3/4 

File geodatabase raster datasets of the qualitatively and 

semi-quantitatively reclassified Melton’s number parameter 

for deposits (Figure A.3d/A.5d) and sources (A.4d/A.6d). 

ORV_Deposits_Roughness2/3 

ORV_Sources_Roughness3/4 

File geodatabase raster datasets of the qualitatively and 

semi-quantitatively reclassified basin roughness parameter 

for deposits (Figure A.3e/A.5e) and sources (A.4e/A.6e). 

ORV_Deposits_Drainage2/3 

ORV_Sources_Drainage3/4 

File geodatabase raster datasets of the qualitatively and 

semi-quantitatively reclassified proximity to drainage 

parameter for deposits (Figure A.3f/A.5f) and sources 

(A.4f/A.6f). 

Geology 

Reclassified geologic parameter. First number is the data 

for the qualitative approach. Second number is for the 

semi-quantitative approach. 

  

  

  



72 

 

Table C.2 Continued  

ORV_Deposits_Geology2/3 

ORV_Sources_Geology3/4 

File geodatabase raster datasets of the qualitatively and 

semi-quantitatively reclassified geologic unit parameter for 

deposits (Figure A.3g/A.5g) and sources (A.4g/A.6g). 

Logit Procedure 

Model training component data consisting of selected 

inventory, selected-buffered inventory, meshed study area, 

and selected-buffered-meshed inventory (Figure 3.8) 

Inventory Selection Selected debris flow inventory. 

DF_Deposits_Selection_Merge 

DF_Sources_Selection_Clip 

File geodatabase feature classes for the selected deposits 

and sources inventory across the study area. 

Selected-Buffered Inventory Selected-buffered debris flow inventory. 

ORV_Deposits_Merge 

ORV_DF_Sources 

File geodatabase feature classes for the selected-buffered 

deposits and sources inventory across the study area 

(Figure 3.9) 

Debris Flow Inventory 
Rasterized-selected-buffered debris flow inventory to be 

used for zonal statistics. 

ORV_Deposits_Rast 

ORV_Sources_Extract 

File geodatabase raster datasets for the selected-buffered 

deposits and sources inventory according to the presence or 

absence of deposits and sources. 

Study Area Mesh An equally-sized grid created across the study area. 

ORV_Mesh_Clip 
File geodatabase feature class of a 5m x 5m mesh across 

the study area. 

Selected-Buffered-Meshed 

Inventory 
Selected-buffered-meshed debris flow inventory. 

ORV_Mesh_Deposits_Buffer 

ORV_Sources_Mesh 

File geodatabase feature classes for selected-buffered-

meshed deposits and sources inventory across the study 

area. 

 

Table C.3 Supplemental electronic files of final data. 

File Name File Description 

Final Data 
Files containing the final data that were created from the 

transitional data following the methodology completion. 

Study Area 
Data that was used to create the study area map identifying 

the locations of the study sites and mining areas (Figure 2.1). 

Study_Sites_Mining_Areas 
File geodatabase feature class for the study sites and mining 

areas within the study area. 

Ocona_Study_Area 
File geodatabase feature class of the Ocoña River Valley 

study area. 

Logistic Regression Model 

Results 

Data that was produced from the logistic regression equations 

(Equations 3.1 and 3.2) for each model and used to create the 

susceptibility maps. 

Response Variable (Y’) Data that was produced from the logistic regression equations 

for each model (seen in Tables 4.1 and 4.2). 
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Table C.3 Continued  

ORV_Qual_Deposits_Y1 

ORV_Qual_Deposits_Y2 

File geodatabase raster datasets of the response variable for 

the qualitative approach models of the deposits. 

ORV_Quant_Deposits_Y1 

ORV_Quant_Deposits_Y2 

File geodatabase raster datasets of the response variable for 

the semi-quantitative approach models of the deposits. 

ORV_Qual_Sources_Y1 

ORV_Qual_Sources_Y2 

File geodatabase raster datasets of the response variable for 

the qualitative approach models of the sources. 

ORV_Quant_Sources_Y1 

ORV_Quant_Sources_Y2 

File geodatabase raster datasets of the response variable for 

the semi-quantitative approach models of the sources. 

Probability of Response 

Variable (P’) 
Data that was used to create the susceptibility maps from 

each model (Figures 4.1 – 4.8). 

ORV_Qual_Deposits_Y1 

ORV_Qual_Deposits_Y2 

File geodatabase raster datasets of the response variable 

probability for the qualitative approach models of the 

deposits. 

ORV_Quant_Deposits_Y1 

ORV_Quant_Deposits_Y2 

File geodatabase raster datasets of the response variable 

probability for the semi-quantitative approach models of the 

deposits. 

ORV_Qual_Sources_Y1 

ORV_Qual_Sources_Y2 

File geodatabase raster datasets of the response variable 

probability for the qualitative approach models of the 

sources. 

ORV_Quant_Sources_Y1 

ORV_Quant_Sources_Y2 

File geodatabase raster datasets of the response variable 

probability for the semi-quantitative approach models of the 

sources. 

 


